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Abstract 
Water plays a crucial role in plant community and landscape function; plants use stomata to 
regulate water loss via transpiration as the ‘cost’ of carbon assimilation, which in turn regulates 
surface temperature of leaves. Presently there are a number of aspects of vegetation water-use 
dynamics that are poorly understood, including the degree of dependence on water sources at 
different depths in the soil profile; timing, frequency, duration and magnitude of water use; and 
ecosystem strategies to acquiring water from different sources as water availability varies.  
The research presented in this thesis aimed to: (1) quantify timing and frequency of the use of 
subsurface water by woody vegetation, (2) quantify the confidence of these predictions, and (3) 
identify subsurface water-use strategies and physiological responses employed by woody vegetation 
with variation in climatic and water-deficit conditions. These aims were achieved through 
development, application and assessment of a novel land surface temperature (LST) model-data 
differencing approach applied to a subtropical woodland environment in eastern Australia. The 
approach detects subsurface water use by vegetation in space and time within 95% confidence 
intervals, through differences in modelled LST (Ts.mod) and satellite observations of LST (Ts.obs) 
after accounting for random and systematic error in the model and data.  
Modelled LST was derived using a two-layer surface energy balance (SEB) model and captures 
water use from surface water and soil water in the top 30 cm of the soil profile (i.e. shallow soil 
water). Satellite observations of LST were obtained from Terra-MODIS thermal infrared imagery 
and captures water use from all available sources. When compared, temperature differences 
between independently-derived Ts.mod and Ts.obs reveal subsurface water use (i.e. below 30 cm depth) 
plus systematic and random error. Systematic error or bias, was estimated from temperature 
differences of grassland vegetation based on an assumption that these vegetation communities do 
not access subsurface water under certain climatic conditions. Therefore Ts.mod should equal Ts.obs. 
Random error in Ts.obs was estimated from the literature while sensitivity and uncertainty analyses 
were used to quantify Ts.mod random error arising from five SEB model resistance terms and their 
associated input parameters. A Student’s t-test was then used to account for systematic and random 
error in the detection of subsurface water use by vegetation within 95% confidence intervals.  
The LST model-data differencing approach was applied in a 3200 km2 region of the subtropical 
Condamine River Catchment, south-eastern Queensland Australia. The study area contains a 
mixture of native remnant vegetation, agriculturally-intensive areas, and coal seam gas 
development. Extensive eucalypt woodlands  dominate low-lying hill slopes, while rainfed pastoral 
grasses and irrigated crops are common throughout the alluvial floodplain and topographic lows 
adjacent to hill slopes. Timing and frequency of subsurface water use by woodland vegetation in the 
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study area was quantified over a 13-year period (2000–2012). Subsurface water use and LST time-
series were compared against local meteorological and vegetation data to resolve physiological 
response and subsurface water-use strategies of woodland vegetation at multiple temporal scales 
under different climatic and water-deficit conditions. 
Error analysis showed that the two-layer SEB model performed poorly where vegetation height was 
less than 0.5 m and leaf area index was less than 0.5 m2 m-2, such that the approach was considered 
unsuitable for vegetation with these characteristics. Low wind speed (<1.5 m s-1) also introduced 
considerable error to Ts.mod such that small-magnitude subsurface water use may not be detectable 
due to low signal-to-error ratio. Total frequency of subsurface water use by eucalypt woodland 
vegetation in the study area varied spatially from 100–937 days which is equivalent to 5–50% of 
time period of investigation. Availability of shallow soil water was an important determinant of 
subsurface water-use strategies of vegetation and vegetation physiological response at intra- and 
inter-annual scale.  
Frequency of subsurface water use by vegetation was lowest at the start of the wet season when 
shallow soil water was abundant as a consequence of more frequent, intense rainfall events. Other 
times of the year, frequency of subsurface water use was higher, commensurate with decreasing 
shallow soil water availability and/or increasing evaporative demand. Over multi-year dry periods, 
when shallow soil water availability was depleted, the vegetation increased its frequency of 
subsurface water use and reduced leaf area to balance latent heat loss. Leaf area reduction was 
greatest when dry conditions persisted and frequency of rainfall was reduced. During wet or 
‘recovery’ years, the vegetation increased its leaf area by the same amount irrespective of the 
severity of previous dry period or present wet conditions. These results suggest the recovery 
response of woodland vegetation in the study area was more sensitive to onset of increased water 
availability rather than volume of water availability and that physiological responses (namely 
adjustments to leaf area) and water-use strategies employed by the vegetation maintained 
evapotranspiration at relatively constant rates irrespective of prevailing inter-annual conditions.  
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𝑆𝑆𝑀𝐶0
𝑟𝑠𝑠  Sensitivity of rss to input parameter (θ0) #. s m-1 · mm 
𝜎𝑟𝑎
2 , 𝜎𝑟𝑏
2 , 𝜎𝑟𝑣
2 , 
𝜎𝑟𝑤
2 , 𝜎𝑟𝑠𝑠
2  
Total weighted error variance of resistance terms calculated 
from error variances of input parameters and associated 
sensitivities. 
- 
σ𝑇𝑠.𝑚𝑜𝑑 , 𝜎𝑇𝑠.𝑜𝑏𝑠 
Total standard error of modelled and satellite-observed land 
surface temperature 
K 
𝑆𝑟𝑎
𝑇𝑠.𝑚𝑜𝑑, 𝑆𝑟𝑏
𝑇𝑠.𝑚𝑜𝑑, 
𝑆𝑟𝑣
𝑇𝑠.𝑚𝑜𝑑, 𝑆𝑟𝑤
𝑇𝑠.𝑚𝑜𝑑, 
𝑆𝑟𝑠𝑠
𝑇𝑠.𝑚𝑜𝑑 
Sensitivity of Ts.mod to resistance terms (ra, rb, rv, rw, rss) #.  K · s m-1 
Other symbols 
∆Sd 
Shortwave radiation difference between the Australian Water 
Assessment Project-derived Sd and National Centers for 
Environmental Protection-derived Sd  
W m-2 
∆Ts Temperature difference between Ts.mod and Ts.obs K 
B Bias (systematic model-data error) K 
ETp Potential evapotranspiration mm m-1 
P Precipitation mm 
σ Generic notation for standard error  
σ2 Generic notation for error variance - 
SMCd Soil moisture content in the deep root-zone (0.3–10 m depth) mm 
sswuse 
Subsurface water use as inferred from application of a two-
tailed Student’s t-test 
- 
Ts.obs 
Land surface temperature retrieved from satellite thermal 
imagery 
K 
#All sensitivity values are partial derivatives acquired from a Jacobian Matrix. 
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Chapter 1. Introduction 
 
The following chapter provides the context for which the research contained in this dissertation was 
carried out. The first section provides background to groundwater-dependent vegetation (GDV), 
highlights key gaps in our understanding and describes how a land surface temperature (LST) 
model-data differencing approach can be used to address these knowledge gaps. The second section 
describes the research questions, aims and objectives, while the last section outlines the contents 
and structure of the thesis. 
 
1.1 Background  
1.1.1 Groundwater-dependent vegetation 
Groundwater-dependent ecosystems (GDEs) are defined as ecosystems dependent on the surface 
expression of groundwater or reliant on the subsurface presence of groundwater to maintain 
ecosystem structure and function (Eamus et al., 2006; Murray et al., 2003). Groundwater-dependent 
vegetation (GDV), reliant on the subsurface presence of groundwater, is the focus of this research. 
Groundwater-dependent vegetation is in many cases a critical component of the landscape (Eamus 
et al., 2006; Kløve et al., 2011). They play an important role in maintenance of biodiversity, serving 
as bird migratory corridors, and providing refuge to plant and animal species in arid to semi-arid 
landscapes or during drought (Jones et al., 2008). They also contribute to carbon, nitrogen and 
water cycles and surface energy balance (Rogan et al., 2002; O’Grady et al., 2006a).  
The main driver behind GDV studies is the sustainable management of, and adequate water 
allocation to, these ecosystems given the globally increasing demand for water resources for human 
activities and consumption (Eamus and Froend, 2006; Kløve et al., 2011; Orellana et al., 2012). 
Ecological water requirements (EWRs) are those aspects of the natural water regime that are most 
important for maintaining structure and function (Eamus and Froend, 2006; Richardson et al., 
2011a); EWRs of GDV may relate to the magnitude, timing, frequency and/or duration of 
groundwater use (Richardson et al., 2011a). Groundwater resources for which vegetation is 
dependent can be exploited for many other purposes including human consumption, manufacturing, 
farming and agriculture, and mining and petroleum (SoE, 2011). In addition to direct use, some 
industries, such as coal and coal seam gas (CSG), extract groundwater from aquifers in order to 
mine or develop the coal or gas resource (Cook et al., 2013; Hamawand et al., 2013). Groundwater 
abstraction directly from shallow aquifers can result in water table drawdown (Foley et al., 2005; 
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Moran and Vink, 2010; Naumburg et al., 2005) while depressurisation of coal seams can also 
impact the water table if there is connectivity between aquifers (Queensland Water Commission, 
2012). In addition, decreased surface water volumes, arising from climatic variability (e.g. drought) 
and/or anthropogenic activity (e.g. surface water regulation and use) reduce soil water and 
groundwater recharge fluxes (Bates et al., 2008).  
Several review papers over the last decade have stressed the importance of identifying GDV and 
understanding the degree of their dependence, dynamics of groundwater use and response to 
changes in groundwater availability (e.g. Eamus et al., 2006, 2015; Eamus and Froend, 2006; Kløve 
et al., 2011; 2014; Nevill et al., 2010). There are several different types of methods used to identify 
GDV in the landscape including satellite remote-sensing techniques (e.g. Barron et al., 2014; Fu and 
Burgher, 2015; Gou et al., 2015; Lv et al., 2013; Munch and Conrad, 2007; National Water 
Commission, 2012a; Tweed et al., 2007; van Dijk et al., 2015; Zhou et al., 2013), water table 
fluctuation methods (e.g. Butler et al., 2007; Loheide et al., 2005); and field-based stable isotope 
analysis (e.g. Farrington et al., 1996; Kulmatiski et al., 2010; Litvak et al., 2011; Nippert and 
Knapp, 2007; O’Grady et al., 2006a, 2006b; Zencich et al., 2002).  
Stable isotope analysis has been extensively used to determine source, timing and/or magnitude of 
groundwater use at tree to plot scales but require source waters to be isotopically-distinct (Eamus et 
al., 2015). Furthermore, field programs are labour intensive and results can be difficult to 
extrapolate beyond the plot scale (Barron et al., 2014; Richardson et al., 2011b). Water table 
fluctuation methods are well suited to detecting groundwater use by vegetation in narrow riparian 
zones (Loheide et al., 2005) but can produce erroneous results as a result of temperature-driven 
changes in water density and/or direct evaporation from shallow groundwater via bare soils (Eamus 
et al., 2015). 
Remote-sensing methods provide increased spatial coverage (>104 km2) and repeated observation of 
the land surface often over long (10–40 years) time-scales (Kennedy et al., 2009), enabling 
assessment of vegetation characteristics for long-periods of time and over large areas, although at 
the expense of spatial resolution. However, existing remote-sensing GDV methods (e.g. Barron et 
al., 2014; Beamer et al., 2013; Fu and Burgher, 2015; Gokmen et al., 2013; Groeneveld, 2008; 
National Water Commission, 2012a; Gou et al., 2015; Guerschman et al., 2009a; Nagler et al., 
2008; Thevs et al., 2015; Tweed et al., 2007) are not capable of quantifying timing and frequency of 
groundwater use, thus are poorly suited to detecting episodic or infrequent groundwater use critical 
to ecosystem survival during dry periods. Furthermore, several of these approaches (e.g. Barron et 
al., 2014; Gou et al., 2015; National Water Commission, 2012a) are limited to making inferences 
about the ‘potential for’ groundwater use by vegetation, rather than quantifying the occurrence of 
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groundwater use within defined confidence intervals. Quantifying groundwater-dependence with, 
for example 95% confidence, provides policy-makers and resource managers with relevant and 
useful information to assist with the decision-making process (Bradshaw and Borchers, 2000; 
McNie, 2007).  
In most cases it is also exceedingly difficult to quantitatively determine the degree of groundwater 
dependence or classify vegetation as either obligate - dependent on continuous, seasonal or episodic 
access to groundwater in order to maintain structure or function - or facultative - effectively 
opportunistic, utilising groundwater when available but not detrimentally impacted by the absence 
of that groundwater (Hatton and Evans, 1998; Eamus et al., 2006). Only when groundwater 
resources are depleted as a consequence of climatic variation and/or anthropogenic activity (e.g. 
Froend and Sommer, 2010; Scott et al., 1999; Shafroth et al., 2000) does critical or obligate 
dependence become readily apparent (Froend and Drake, 2006; Kløve et al., 2011). In the absence 
of observed deleterious structural and/or functional response of vegetation to water-stress 
conditions, groundwater-use dynamics (i.e. timing and frequency) could be used to infer the degree 
of dependence (Eamus et al., 2006) and elicit physiological strategies underpinning survival. 
Moreover, while remotely-sensed GDV studies purport to detect groundwater use by vegetation, in 
reality they are detecting subsurface water use inclusive of both soil water and groundwater on a 
continuum. Existing remotely-sensed estimates of evapotranspiration (ET) quantify actual ET 
arising from all water sources (e.g. Allen et al., 2007; Bastiaanssen et al., 1998; Guerschman et al., 
2009a; Maselli et al., 2014; Nagler et al., 2008). The subsurface and irrigation water component of 
ET are often simply estimated as the residual of actual ET minus precipitation (e.g. Beamer et al., 
2013; Carroll et al., 2015; Groeneveld et al., 2007; van Dijk et al., 2015). However, this residual 
also contains errors associated with estimation of ET which is seldom considered. Other remotely-
sensed GDV mapping methods apply a ‘green island’ principle (see Eamus et al., 2015) whereby 
groundwater use is inferred where vegetation maintains higher greenness compared to surrounding 
vegetation throughout dry periods (e.g. Barron et al., 2014; Fu and Burgher, 2015; Gou et al., 2015; 
Tweed et al., 2007). These methods usually assume soil stores are depleted such that the only 
remaining available water is groundwater. ‘Green island’ approaches are therefore most suited to 
semi-arid to arid landscapes or severe and prolonged drought where this assumption can be 
reasonably applied and are difficult to apply in regions with higher and evenly distributed rainfall. 
Furthermore, the rate of soil water depletion varies spatially and temporally as a consequence of 
several factors such as rainfall; evaporation rates; soil thickness and texture (Lowry and Loheide, 
2010); and the ability of vegetation to access and utilise water at varying depths as a function of 
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root depth distribution and morphology (Nippert and Holdo, 2015). Thus soil stores may not be 
fully depleted depending on prevailing conditions particularly in mesic environments. 
While remote sensing techniques provide the tools to assess subsurface water-use dynamics of 
vegetation (inclusive of groundwater) spatially and temporally, existing GDV methods fail to 
quantify, within defined confidence intervals, the degree of dependence, water-use dynamics and 
response to changes in water availability by vegetation. This represents a critical knowledge gap 
and is central to the sustainable management of vegetation. The following section outlines how 
these knowledge gaps can be addressed. 
 
1.1.2 A land surface temperature model-data differencing approach 
Land surface temperature 
Physiological processes, linked to water use of vegetation (e.g. leaf abscission, stomatal closure) 
can be observed with earth-observation products such as leaf area index (LAI), fractional cover 
(FC), vegetation indices (VIs), land surface temperature (LST) and evapotranspiration (ET) (e.g. 
Anderson et al., 2011; Elmore et al., 2003, 2006; Zarco-Tejada et al., 2013). Of these, vegetation 
indices are not intrinsic physical quantities, but rather correlate with physical properties such as LAI 
or FC (Wang et al., 2005) which reflect vegetation structural changes over longer time scales (e.g. 
monthly; Glenn et al., 2010) thus are not suitable for revealing day-to-day vegetation response to 
changes in water availability.  
In response to climatic conditions, plants use stomata to regulate water loss via transpiration which 
in turn, along with humidity, temperature, wind speed and radiation, control surface temperature of 
the leaves (Anderson et al., 2011; Zarco-Tejada et al., 2013). As such, leaf and canopy temperatures 
are non-linear responses to physical and physiological conditions. As ET and LST are responsive to 
varying micrometeorological conditions, remotely-sensed estimates of ET and LST can be used as 
indicators of water use by vegetation on daily to sub-daily temporal scales (Anderson et al., 2011; 
Friedl, 2002; Glenn et al., 2007; Guerschman et al., 2009b; Moran, 2003; Zarco-Tejada et al., 
2013). Satellite-derived LST datai are often used to derive ET estimates (see review by Kalma et al., 
2008) and as such these ET estimates are subject to uncertainty arising from conceptualisation of 
physical processes of latent heat flux and ET model equations (Overgaard et al., 2006). Thus less 
uncertainty arises from direct use of LST.  
                                                     
i Land surface temperature is retrieved from satellite thermal imagery after correcting for atmospheric effects and 
surface emissivity. 
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Land surface temperature is the physical (skin, radiometric) temperature of the surface and is an 
integral of component temperatures (e.g. leaves, trunks, branches, and ground). Furthermore, when 
the land surface is a heterogeneous mix of cover types, LST is an integral of the component 
temperatures of each cover type (e.g. bare ground, standing water, grasses, and trees). All other 
factors being equal (e.g. wind speed, vapour pressure deficit, air temperature and canopy 
conductance), ecosystems with access to plant-available subsurface water will have a lower LST 
(and higher ET) than ecosystems that do not. Land surface temperature can be independently 
modelled (e.g. Friedl, 1995; 2002) and retrieved from remotely-sensed thermal data (e.g. Coll et al., 
2010; Jiménez-Muñoz and Sobrino, 2003; Jiménez-Muñoz et al., 2009; Li et al., 2004; Sobrino et 
al., 1996; Qin et al., 2001; Wan and Dozier, 1996). Furthermore, as it is a biophysical parameter, 
LST can also be measured directly in the field using thermal infrared (TIR) radiometers (e.g. Coll et 
al., 2010; Friedl, 2002; Li et al., 2004) and used to validate both modelled and satellite observations 
of LST (e.g. Friedl, 2002; Wan et al., 2004; Wan, 2008; Zhang et al., 2016). However, there are a 
number of factors that need to be considered to ensure comparability across platforms (field, model, 
and satellite), including: spectral-, spatial- and temporal-resolution; model parameterisation of 
prevailing climatic and landscape characteristics at the time of LST observation; and atmospheric 
(emission and attenuation), surface emissivity, topography, and sensor view angle at the time of 
observation (see Appendix A for further details). After consideration of these factors and the 
systematic and random error inherent in these factors, it is possible to develop a LST differencing 
approach for the detection of subsurface water use by the vegetation to a given level of confidence.  
 
Model-data differencing 
Using model-data differencing, a priori model deficiencies can be exploited to quantify the 
mismatch between model and observation arising from inaccurate fluxes and/or parameter 
estimation. While individual LST estimates are an indicator of water use by vegetation, a LST 
model-data differencing approach could be used to differentiate between water sources used by 
vegetation.  
Depending on root depth distribution, morphology and plasticity in the water uptake as a function of 
depth (Nippert and Holdo, 2015), water availability and evaporative demand (Dawson and Pate, 
1996; Cook and O’Grady, 2006; Kulmatiski and Beard, 2013), vegetation can access a range of 
water sources, including surface water, soil water at various depths in the unsaturated zone, and 
groundwater (Figure 1-1). While most land surface-atmosphere models, including surface energy 
balance (SEB) models, describe the canopy and root-zone, they typically exhibit deficiencies in 
parameterising the interactions between surface water, soil water and groundwater and the 
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contribution of groundwater to surface temperature and latent and sensible heat fluxes (Chen and 
Hu, 2004; Overgaard et al., 2006; York et al., 2002). While these limitations can be resolved 
through the coupling of atmospheric and hydrological models (Overgaard et al., 2006), uncoupled 
land surface-atmospheric model outputs are potentially biased due to an inherent underestimation of 
water availability, estimating temperatures and fluxes based on a reduced volume of water (i.e. 
shallow soil water only; Wang-Erlandsson et al., 2016; Yilmaz et al., 2014). In contrast, satellite 
observations of LST represent total water being accessed by the vegetation.  
Hain et al. (2015) recognising that the Noah land surface model (LSM) “lacked [the] physics to 
parameterize irrigation, tile drains, or the impact of shallow groundwater on the surface energy 
balance” (Hain et al., 2015; pg 1072). Thus the authors developed and applied a latent heat flux 
model-data differencing approach whereby daily latent heat predicted by the Noah LSM was 
compared with satellite-derived latent heat flux estimates. Observed differences between latent heat 
flux estimates were attributed to unaccounted for (irrigation and/or ground) water use on a daily 
basis (Hain et al., 2015). However, both model and observation are subject to systematic and 
random errors which affects estimate accuracy (Raupach et al., 2005). Hain et al. (2015) did not 
quantify or account for systematic and random errors in modelled and observed latent heat fluxes 
and consequently identified instances where systematic error, rather than unaccounted for water use, 
was the likely source of observed latent heat flux differences. Nevertheless, the approach developed 
by Hain et al. (2015) demonstrates the capability of model-data differencing approaches to exploit 
identified model deficiencies for the purpose of quantifying systematic model-data differences 
indicative of an unaccounted for flux (e.g. latent heat, LST).  
While satellite observation of LST have been used to validate LST estimated from LSMs (e.g. Biftu 
and Gan, 2001, Silberstein et al., 1999), no studies have applied LST model-data differencing 
techniques to detect subsurface water use by the vegetation (i.e. ’subsurface water-use’ii). The 
following section describes the LST model-data differencing approach used in this research to: (1) 
quantify subsurface water use by the vegetation within defined confidence intervals and (2) identify 
subsurface water-use strategies employed by vegetation under different climatic conditions.  
 
This research 
This dissertation focused principally on the use of LST (rather than ET) to infer subsurface water 
use by vegetation through the comparison of modelled and satellite observations of LST. Land 
                                                     
ii Subsurface water use is defined as inclusive of soil water below a fixed depth and aquifer groundwater, with the 
fixed depth defined by the soil water forcing data used in the surface energy balance model.   
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surface temperature estimates used in this thesis were retrieved from the Moderate resolution 
imaging spectrometer (MODIS) on the Terra satellite or were derived using a two-layer surface 
energy balance (SEB) model described by Friedl (1995; 2002). The Terra-MODIS LST product 
(MOD11A1) uses a more accurate LST-retrieval method which is less sensitive to uncertainty in 
emissivity than other approaches (Wan and Dozier, 1996), with random error of less than ± 1 K 
(Coll et al., 2009; Wan, 2008; Wan and Li, 2008).  
Surface energy balance models parameterise the conservation of energy through the SEB equation 
(Equation 1-1) and are able to derive surface temperature and/or latent and sensible heat fluxes at 
hourly to daily temporal scales. Rn is net radiation, H is sensible heat, LE is latent heat and G is soil 
conductive heat flux. 
𝑅𝑛 = 𝐻 + LE + 𝐺 
Equation 1-1 
Two-layer models (e.g. Friedl, 1995; 2002; Kustas and Norman, 1999; Norman et al., 1995) account 
for non-linear interactions (between soil surface and canopy fluxes) on skin surface temperature 
inherent in homogenous yet sparse vegetation. Two-layer models are therefore more suitable for 
woodland environments than one-layer models, which can over-simplify resistances, and multi-
layer models which can be over-parameterized and underdetermined (i.e. whereby a system of 
equations has no unique solution; Kalma et al., 2008; Overgaard et al., 2006). The two-layer SEB 
model described by Norman et al. (1995) and subsequently modified by Kustas and Norman (1999) 
uses bulk soil and vegetation resistance terms which is a simplification of the resistance network 
more suited to crop and grassland studies than native woody vegetation. In comparison, the 
potential-resistance network for the two-layer SEB model described by Friedl (1995; 2002) includes 
five resistance terms: aerodynamic resistance or resistance to heat exchange between air in the 
canopy and air at the reference height; vegetation boundary layer resistance or resistance to heat 
exchange between the foliage surface and air in the canopy; soil boundary layer resistance or 
resistance to heat exchange between the soil surface and air in the canopy; stomatal resistance or 
canopy surface resistance to transpiration; and soil surface resistance or soil surface resistance to 
evaporation. As such the two-layer SEB model more effectively resolves the separate sources and 
sinks of sensible and latent heat. Furthermore, the two-layer SEB model described by Friedl (1995) 
solves for soil and vegetation components of LST separately, and it is independent of satellite 
observations of LST which is essential for use in the model-data differencing approach.  
Like many other land surface-atmospheric models, the Friedl two-layer SEB model (described in 
detail in Section 3.2 and Appendix B) does not fully account for all water sources available to 
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vegetation. In this research, soil water forcing data represent shallow soil water to 30 cm depth. 
Consequently, systematic model-data differences represent water use by vegetation at depths 
beyond 30 cm (deep root-zone soil water and groundwater) as illustrated in Figure 1-1, hereafter 
referred to as subsurface water.  
 
  
 
Figure 1-1. Conceptual diagram showing different sources of water – shallow soil water (SMC0s), deep root-
zone soil water (SMCd), groundwater, and subsurface water (inclusive of soil water below 30 cm depth (i.e. 
deep root-zone soil water) and groundwater) – and the relationship between these sources of water and 
modelled and observed land surface temperature (Ts.mod and Ts.obs respectively). Not to scale. 
 
The model-data differencing approach is model independent; any land surface-atmospheric model 
could be substituted as long as it: (1) remained independent of satellite observations, (2) was 
spatially comparable with satellite observations of LST, and (3) did not include a groundwater 
component. The choice of model would, however, impact the definition of subsurface water. For 
example, Australia’s Community Atmosphere Biosphere Land Exchange (CABLE) model includes 
a single soil layer to a depth of 10 m (Kowalczyk et al., 2006), while the Noah LSM has four soil 
layers with the final soil layer extending to 2 m depth (Hain et al., 2015). Inclusion of these models 
would result in subsurface water being redefined as water >10 m and >2 m depth respectively. 
Satellite observations of LST could also be replaced with higher spatial-resolution imagery 
provided the assumptions inherent in the chosen model (e.g. homogenous, continuous canopy; 
Friedl, 1995; Jarvis and McNaughton, 1986; Kalma et al., 2008) are preserved at the revised spatial 
resolution. The spatial resolution of the land surface-atmospheric model dictates whether micro-
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meteorological processes such as development of internal boundary layers will notably affect 
modelled LST estimates at the transition between vegetation types (i.e. grasslands versus 
woodlands). Mixing in the boundary layer by buoyant and mechanical processes can result in 
development of temperature gradients beyond the transition from grasslands to woodlands (e.g. 
Cooper et al, 2016). If unaccounted for, these temperature gradients can result in over- and 
underestimation of modelled LST. The scale of these micro-meteorological processes is at 10s of 
metres (Cooper et al., 2016), thus is an important consideration for local-scale land surface-
atmospheric model. In contrast, regional-scale land surface-atmospheric models assume 
homogenous and continuous canopy cover with no lateral heat exchange (Friedl, 1995; Jarvis and 
McNaughton, 1986; Kalma et al., 2008; Prueger et al., 1996).The research presented in this thesis 
focuses on detecting and understanding subsurface water-use dynamics (timing, frequency, duration 
and magnitude) of vegetation. While this will include GDV, this research is not strictly limited to 
vegetation dependent on groundwater. The principles of the approach developed and applied here 
are equally applicable to the direct detection of groundwater dependency in conditions where 
unsaturated water sources are fully depleted and/or accounted for in the SEB model. 
 
1.2 Research questions and purpose 
Increasing demand for water resources in intensive multi-user landscapes globally, and predicted 
increases in frequency and severity of drought conditions (see Allen et al., 2010), is necessitating a 
push for sustainable management of groundwater resources and the environment (Eamus et al., 
2006; Kløve et al., 2011; Orellana et al., 2012). However, the above background highlights the 
inability of existing remote-sensing methods to quantify: (1) the degree of dependence, (2) water-
use dynamics and (3) response to changes in water availability by vegetation within defined 
confidence intervals. This research seeks to address this fundamental knowledge gap through the 
use of a LST model-data differencing approach.  
In this thesis I explore the following questions: 
 Can vegetation subsurface water-use dynamics (timing, frequency, duration and magnitude) 
be quantified within defined confidence intervals, using a quantitative LST model-data 
differencing approach or do the systematic and random errors in both model and observation 
obscure these dynamics?  
 Can systematic and random LST model-data errors be quantified and accounted for and 
under what climatic/landscape conditions is it possible to discern the subsurface water-use 
signal from noise with a high degree of confidence? 
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 Using the LST model-data differencing approach, can we identify when and where woody 
vegetation in the Condamine River Catchment study area is using subsurface water? 
 How do physiological strategies and subsurface water-use strategies of vegetation vary with 
respect to natural variation in water availability? 
To address these questions, two primary research aims and a series of objectives were identified:  
Aim 1: To demonstrate the potential for quantifying dynamics of subsurface water use by the 
vegetation in a subtropical environment to a quantifiable confidence level using LST in a new 
model-data differencing approach. 
a) Assess the ability of a LST model-data differencing approach to detect and quantify, to a 
given confidence interval, variation in subsurface water use by woodland vegetation in the 
Condamine River Catchment study area;  
b) Evaluate sensitivity of a two-layer SEB model to uncertainty in resistance terms using a 
Jacobian Matrix and in situ daily climate and vegetation data; 
c) Quantify Ts.mod random error given SEB model sensitivities to resistance terms through a 
Taylor’s series approximation of SEB model errors;  
d) Quantify uncertainty in model-data temperature differences using a Student’s t-test and 
given Ts.mod and Ts.obs random and systematic errors; 
e) Identify land surface conditions under which the LST model-data differencing approach is 
able to detect a statistically significant subsurface water-use signal to a given confidence 
interval, given noise in both model and data; and 
f) Quantify, within 95% confidence intervals, the timing and frequency of subsurface water 
use by woodland vegetation in the study area. 
Aim 2: To identify subsurface water-use strategies and physiological responses employed by 
vegetation in the Condamine River Catchment study area under different climatic and water-deficit 
conditions.  
a. Elucidate ecophysiological responses and vegetation water-use strategies using the LST 
model-data differencing approach and time-series of modelled and satellite observations of 
LST.  
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1.3 Thesis Outline 
Chapter 1 provided a synthesis of relevant background literature. A series of research questions 
were identified, which were synthesised into two primary research aims and a series of research 
objectives. The remainder of the dissertation has been structured into a description of the study area 
and input data, three research components, final discussion and conclusions and appendices.  
Chapter 2: describes the physical characteristics (climate, hydrology, land use/land cover, and 
geology) of the Condamine River Catchment study area and the various input datasets used in this 
research. 
Chapter 3: describes the LST model-data differencing approach for the detection of subsurface 
water use by the vegetation; its initial application in the Condamine River Catchment study area; 
and resulting location and dynamics of subsurface water use by the vegetation. 
Chapter 4: explores the sensitivity of the SEB model to specific climatic conditions and landscape 
characteristics; the propagation of this parameter uncertainty to errors in modelled LST and 
implications for subsurface water use detection; and provides improved vegetation subsurface 
water-use dynamics. 
Chapter 5: quantifies, with 95% confidence, timing and frequency of subsurface water use by 
woody vegetation in the study area; and identifies subsurface water-use strategies of vegetation and 
physiological responses under different climate and water-deficit conditions. 
Chapter 6: provides a synthesis of the three research components; outlines limitations of the 
research; details main conclusions; and ends with possible future research direction. 
Appendix A: provides an overview of satellite observations of LST including retrieval algorithms 
and various sources of error. 
Appendix B: describes the various equations in the SEB model including input parameter 
equations, the six simultaneous SEB model equations, and equations used to calculate LST and ET.  
Appendix C: describes the Taylor’s series expansion equations used to quantify total error variance 
for the five resistance terms. 
Appendix D: lists the subset of days used in the sensitivity and uncertainty analysis (Chapter 4).  
Appendix E: provides a comparative study of two independently-derived shortwave radiation 
datasets and discusses implication of systematic bias in input data on modelled LST and 
temperature differences between modelled and observed LST.  
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Chapter 2. Study area and input data 
 
2.1 Study area 
The three research components described in this thesis pertain to the same study area, located in the 
Condamine River Catchment in southeast Queensland, Australia. The study area is ~30 km west of 
Dalby (151.263422E/27.179953S) and covers ~3200 km2 of the Condamine River Catchment 
(Figure 2-1). This area was chosen as it contains a mixture of native remnant vegetation, 
agriculturally-intensive areas, and coal seam gas (CSG) development (Figure 2-1). The following 
sections provide a brief summary of the physical characteristics of the study area (climate, 
hydrology, geology and hydrogeology, and land cover/land use) of relevance to the research 
contained within. A more comprehensive review of the Condamine River Catchment can be found 
in Welsh et al. (2014). 
 
2.1.1 Climate 
Climatologically, the region is subtropical, with two distinct seasons: a 6-month, hot, wet season 
(October–March) and a mild dry season (April–September). It has highly variable and seasonal 
rainfall (Reardon-Smith, 2011; Tan et al., 2012), with extended periods of severe drought and low 
river-flows alternating with occasional periods of intense rainfall and runoff (Tan et al., 2012). An 
east-west rainfall gradient is also evident, with precipitation rates declining westward across the 
catchment (Reardon-Smith, 2011). Vapour pressure deficit, temperature, wind speed and shortwave 
radiation are all low (for the study area) during winter and peak during the hot wet season.  
Long-term (1870–2012) mean average rainfall, recorded at the Dalby Post Officeiii is 669 mm, with 
~70% of rainfall occurring during the wet season (Figure 2-2). Figure 2-2 shows wet and dry season 
rainfall in the study area before, during and after the Millennium Drought which affected much of 
south-eastern Australia between approximately 2001 to late-2009 (van Dijk et al., 2013). 
                                                     
iii Bureau of Meteorology Climate Data Online: http://www.bom.gov.au/climate/data/ - this is within 30 km of the study 
area and considered climatically similar. 
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Figure 2-1. Location map of the study area including coal seam gas (CSG) wells and irrigated agriculture. 
Data sources: 1 Australian Bureau of Agricultural and Resource Economics and Sciences (2014); 2 State of 
Queensland (2013b); 3 Geoscience Australia (2003); 4 Geoscience Australia (2006); 5  State of Queensland 
(2014); 6 Bureau of Meteorology (2011). 
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Figure 2-2. Rainfall data measured at Dalby Post Office (long-term record: 1870–present). Local dry season 
(April–September); local wet season (October–March). The Millennium Drought and period of investigation 
are also shown. 
 
2.1.2 Land cover/land use 
There are four distinct landscape/land-cover types in the study area: (1) extensive woodland 
vegetation that dominate hill slopes; (2) narrow, patchy riparian woodland vegetation exclusively 
located along river and creek channels; (3) rain-fed pastoral/native grasses; and (4) irrigated 
cotton/grain crops interspersed throughout the alluvial floodplain and in low-lying areas adjacent to 
hill slopes (Figure 2-3). Commonly occurring crop and pasture types in the study area include 
sorghum, cotton, lucerne, and rhodes, digit, panic and medic grasses, and have maximum rooting 
depth of ~1.6 m (Evans, 1978; Murphy et al., 2010; Stone et al., 2001). 
Despite considerable land clearing since European settlement, remnant native vegetation still 
inhabits channel banks of the Condamine River, and Wilkie, Jimbour and Coorangara Creeks; and 
in low hills to the southwest of the Condamine River (Figure 2-4; State of Queensland, 2013b; 
Huxley, 1982). Riparian communities are dominated by Eucalyptus camaldulensis, E. tereticornis, 
E. coolabah and E. microtheca while E. decorticans and E. crebra, with some Corymbia, Acacia 
and Casuarina species are common in the hill slopes (Figure 2-4; Accad et al., 2013; State of 
Queensland, 2013b; Reardon-Smith, 2011). Previous groundwater dependence studies suggest 
native vegetation may be utilising groundwater resources in the area (Kath et al., 2014; National 
Water Commission, 2012b; Reardon-Smith, 2011), although these studies have been limited in their 
ability to provide precise locations, timing or magnitude of groundwater use by vegetation. 
Eucalypt vegetation ranges in height from 2–17 m, with maximum leaf area index of 1.5 m2 m-2. 
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Based on global averages, sclerophyllous trees, including Eucalyptus species have rooting depths of 
12.6±3.4 m (Canadell et al., 1996).  
 
 
Figure 2-3. Location map of the study including land-cover classes and surface elevation (inset map). Data 
sources: 1 Lymburner et al. (2010); 2 Geoscience Australia (2006); 3 Geoscience Australia (2003); 4 
Geoscience Australia (2011).  
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Figure 2-4. Remnant vegetation within the study area. Data sources: 1 Geoscience Australia (2006); 2 
Geoscience Australia (2003); 3 State of Queensland (2013b). 
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2.1.3 Geology and hydrogeology 
The study area is characterised by low hills of outcropping Jurassic Kumbarilla beds and a broad 
alluvial floodplain associated with the Condamine River (Huxley, 1982; Figure 2-5) - a major 
headwater of the Murray-Darling River (Vandersee, 1975). In hill slope areas, the soil profile can be 
up to 10 m thick (Wilford et al., 2014) and is recharged during high rainfall events.  
The alluvial floodplain, and surface and groundwater resources across the Condamine River 
Catchment have been extensively developed for farming and agriculture since the 1960s (CSIRO, 
2008; Kelly and Merrick, 2007). As a consequence of prolonged groundwater abstraction from the 
unconfined alluvial aquifer, water table levels have declined by between 6 and 26 m across the 
floodplain (Queensland Water Commission, 2012). Further modification of the groundwater system 
has occurred as a result of more recent CSG development, in particular depressurisation of the 
Walloon Coal Measures and potential depressurisation of connected aquifers (Queensland Water 
Commission, 2012). Present-day water table depth ranges from ~5 m (close to river and creek 
channels) to >30 m depth across much of the floodplain (Moran and Vink, 2010) and between ~10 
and 60 m depth in the hill slopes (State of Queensland, 2008). Elevation in the alluvial floodplain 
ranges from 300–350 mAHD while elevation the hill slopes can be up to 450 mAHD (Figure 2-3). 
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Figure 2-5. Geological map of the study area. Data sources: 1 Geoscience Australia (2003); 2 Geoscience 
Australia (2006); 3 Geoscience Australia (2012). 
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Figure 2-6. Conceptual diagram (not to scale) contrasting landscape and subsurface characteristics associated with (a) hill slopes and (b) the alluvial floodplain. θr 
= relative soil water wetness in the top 30 cm of the soil profile, θD.r = relative soil water wetness within the deep root-zone. Transpiration (T) can occur from all 
stratigraphic layers given adequate root distribution, while soil water is lost from the top soil layer via soil evaporation (E). Depth to water table is spatially 
variable in response to recharge (DS = drainage from the shallow soil layer to deep root-zone soil layer; DD = deep drainage) and discharge (including 
groundwater extraction) processes. Local and regional groundwater flow systems operate in the hill slopes. The Kumbarilla beds and Walloon Coal Measures are 
interpreted to have weathered, clay-rich upper layers of varying thickness (Queensland Water Commission, 2012). Symbols and swatches courtesy of the Integration 
and Application Network, University of Maryland Centre for Environmental Science (ian.umces.edu/symbols/). 
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2.1.4 Points of reference for subsequent analysis 
Figure 2-7 indicates the location of various model grid cells referred to in Chapter 3 and Chapter 5. 
These grid cells include two small ‘pure’ woodland and grassland subsets (n=12; Chapter 3); much 
larger subsets of representative grassland (n=756) and woodland grid cells (n=1012), a 
representative aggregated 5 x 5 km woodland grid cell and woodland grid cell 3140 (Chapter 5). 
 
 
Figure 2-7. Reference points of interest across the study area including the location of: twelve ‘pure’ 
woodland and twelve ‘pure’ grassland grid cells (Chapter 3); woodland grid cell 3140, a subset of 
representative grassland grid cells (n=756), woodland grid cells (n=1012), and an aggregated 5 x 5 km 
woodland grid cell (Chapter 5). The underlain image is a Landsat TM year-2000 composite (Geoscience 
Australia, 2010). Additional data sources: 1 Geoscience Australia (2006); 2 Geoscience Australia (2003).  
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2.2 Input data 
Eleven publically-available, national-scale datasets (see Table 2-2) were required to apply the LST 
model-data differencing approach: satellite observations of LST (Ts.obs); wind speed (u); 
atmospheric air temperature (Ta) and vapour pressure (Ea); shortwave radiation (Sd); albedo (A), 
normalized difference vegetation index (NDVI), vegetation height (hc); leaf width (s); and top layer 
(SMC0) and shallow root-zone (SMCs) soil water which when combined represent shallow soil 
water in the top 30 cm. Additional datasets – rainfall (P), leaf area index (LAI), and deep root-zone 
soil water (SMCd) – were also used to investigate the relationship between vegetation subsurface 
water-use dynamics, physical processes and vegetation physiological responses. The following 
sections describe the various input datasets in detail. 
 
2.2.1 Land surface temperature data 
Satellite observations of LST (Ts.obs) are an instantaneous measure of the area-weighted average 
surface thermal radiance in each pixel within the satellite-borne sensor field-of-view at the time of 
overpass (Wan et al., 2004). The 1-km spatial resolution LST from the Moderate Resolution 
Imaging Spectroradiometer (MODIS) aboard the Terra satellite (MOD11A1iv; LP DAAC, 2014b) 
was selected for this research. The Terra satellite has a sun-synchronous daily orbit, with a morning 
overpass at approximately 10:30am local time. Thus Terra-MODIS LST offers daily imaging of 
morning LST and is therefore less prone to cloud cover (Anderson et al., 1997; Wetzel et al., 1984) 
and coincides with increasing or peak stomatal conductance and transpiration (Olioso et al., 1996; 
Tuzet et al., 2003).  
Land surface temperature can be estimated from satellite brightness temperature observations using 
a range of different techniques (e.g. Jiménez‐Muñoz et al., 2009; Qin et al., 2001; Sobrino et al., 
1996; Wan and Dozier, 1996). The split window algorithm (SWA; e.g. Becker and Li, 1995; 
Sobrino et al., 1996; Wan and Dozier, 1996) is a commonly used method which corrects for 
atmospheric effects through differential absorption of radiation in adjacent thermal bands (Barrett 
and Renzullo, 2009; Wan and Dozier, 1996). In general, LST accuracy using SWAs range from 
0.4–1.75 K (Barrett and Renzullo, 2009; Chen et al., 2015; Jiménez‐Muñoz et al., 2014; Jin et al., 
2015; Zhang et al., 2016), although a recent SWA proposed by Labbi and Mokhnache (2015) has 
LST accuracy of 2.75 K.  
                                                     
iv Data were obtained courtesy of the online Data Pool at the NASA Land Processes Distributed Active Archive Centre 
(LP DAAC), USGS/Earth Resources Observation and Science (EROS) Centre. 
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The Terra-MODIS LST product used in this research was retrieved using the generalized SWA 
which has the same advantages of SWAs (Wan and Dozier, 1996). The generalized SWA 
incorporates a series of coefficients derived using regression analysis of radiative transfer 
simulations, resulting in more accurate retrieval of LST and reduced sensitivity to uncertainty in 
emissivity and to instrument error (Wan and Dozier, 1996). Average standard error of MODIS LST 
is reportedly better than ± 1K (Coll et al., 2009; Wan, 2008; Wan and Li, 2008), although there is 
the potential for larger standard error arising from: (1) atmospheric effects not captured by the 
generalized SWA, including the inference of precipitable water and aerosol loading, cloud shadow 
and contamination (Wan, 2008; Wan and Li, 2008), and (2) uncertainty in emissivity estimation 
(Hulley and Hook, 2009; Wan and Li, 2008). For example, overestimation of emissivity can result 
in up to 3.4 K underestimation of LST (Wan and Li, 2008). Appendix A provides further details 
pertaining to satellite observations of LST including retrieval algorithms and various sources of 
error. Land surface emissivity was derived from a land classification-based model developed by 
Snyder et al. (1998) (Wan, 2008). 
 
2.2.2 Climate data  
Daily, 5-km precipitation (P; mm) data and 9 am and 3 pm, 5-km air temperature (Ta; K) and 
vapour pressure (Ea; kPa) data were obtained from the Australian Water Availability Project 
(AWAP; Jones et al., 2007; 2009). Frequency of rainfall events (i.e. number of rainy days; P.freq) 
was extracted from P. Daylength was estimated using the daylength (CBM) model described by 
Forsythe et al. (1995). Daylength was subsequently used in a model described by Parton and Logan 
(1981) and McVicar and Jupp (1999) to interpolate an instantaneous estimate of Ta (at the time of 
satellite overpass) from minimum and maximum daily Ta values. Vapour pressure values were also 
interpolated to an instantaneous estimate using the approach described by McVicar and Jupp 
(1999). Instantaneous vapour pressure deficit (vpd; kPa) was calculated from interpolated Ta and Ea 
using Equation 2-1 where c1 = 0.611 kPa, c2 = 17.22, c3 = 35.86 K and c4 = 273.15 K (Barrett and 
Renzullo, 2009; Cox et al., 1998).  
𝑣𝑝𝑑 = (𝑐1 ∗ exp [
𝑐2(𝑇𝑎 − 𝑐4)
𝑇𝑎 − 𝑐3
]) − 𝐸𝑎 
Equation 2-1 
Average daily, 1-km near-surface wind speed (u; s m-1) was interpolated from daily wind run data 
(McVicar et al., 2008). Neither temporal nor spatial aggregation was therefore applied to this 
dataset. Standard error for these data were obtained from the literature (see Table 2-2).  
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Black sky (directional hemispherical reflectance), 500-m spatial resolution surface albedo (A) was 
obtained from Terra-MODIS (MCD43A3; LP DAAC 2014a). Sub-kilometre surface albedo data 
were only available as a 16-day composite. As the LST model-data differencing approach was 
evaluated each day, intervening days between albedo observations were filled by selecting the 
(temporally) nearest observation.  
 
2.2.3 Vegetation characteristics 
A 16-day composite of the normalised difference vegetation index (NDVI) was also obtained from 
Terra-MODIS (MOD13Q1; LP DAAC, 2014c) at a 250-m spatial resolution, with intervening days 
between NDVI observations filled by selecting the (temporally) nearest observation. Using this 
(temporal) nearest neighbour approach can introduce errors of up to ±0.4 in NDVI values. While 
this has an insignificant impact on the detection of subsurface water use by vegetation, future 
application of the LST model-data approach should linearly interpolate NDVI values between 
measurements.  Estimates of leaf area index (LAI) were derived from NDVI as described in the 
equations shown in Table A 1. Normalised difference vegetation index-derived LAI was preferred 
over the ready-made MODIS LAI (1-km spatial resolution, 8-day composite; MOD15A2) product 
due to the higher spatial resolution it offered (250 m versus 1 km).  
Leaf area index standard error (σLAI) was calculated using Equation 2-2, where σM is (spatially-
varying) MODIS LAI standard error (Fang et al., 2013) and σL (0.3237 m2 m-2) is the standard 
deviation of the difference between NDVI-derived LAI and MODIS LAI estimates. Leaf area index 
derived from NDVI was aggregated from 250 m to 1 km to be spatially coincident with MODIS 
LAI. Leaf area index differences were calculated for all grid cells across the study area and for 12 
years of imagery (2000–2012; n=290). Leaf area index standard error (σLAI) is a more accurate 
estimate of NDVI-derived LAI standard error than σL as it was obtained from two independent 
estimates of LAI error. 
𝜎𝐿𝐴𝐼 = √𝜎𝐿
2 + 𝜎𝑀
2  
Equation 2-2 
Vegetation height data were derived using the 30-m spatial resolution Shuttle Radar Topography 
mission (SRTM) digital surface model (DSM) dataset (Gallant et al., 2009), the 30-m spatial 
resolution Landsat persistent green vegetation (PVG) mosaic of Australia dataset (Scarth, 2012), 
NDVI and subsequently derived LAI. ‘Woody vegetation’, identified as being either >2 m tall 
according to the DSM, or considered persistently green according to the PGV dataset, were 
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assigned DSM height values and assigned a standard error of 9.8 m (Gallant et al., 2011; see Table 
2-2). Model grid cells with heights of <2 m, considered not persistently green, and exhibiting 
NDVI≤0.2 were classified as ‘bare ground’ and assigned a height of 0.2 mv. Model grid cells with 
heights of <2 m and NDVI> 0.2 where divided into ‘grasses and low crops’ and ‘tall/dense crops’ 
based on LAI (≤2.0 or >2.0 respectively) and assigned heights of 0.2 m and 1.0 m. All ‘non-woody’ 
cover-types (hc≤2 m) were assigned standard error of 0.2 m (see Table 2-2).  
 
Table 2-1. Leaf widths assigned to vegetation cover-types. 
 
 
 
 
2.2.4 Soil water data 
Daily, 5-km spatial resolution soil water data were obtained from the Australian Water Resource 
Assessment Landscape (AWRA-L) model. The AWRA-L soil water dataset was a considerable 
improvement on previous soil water datasets due to the assimilation of satellite soil water products 
(Renzullo et al., 2014). The AWRA-L model describes the temporal dynamics of water stores and 
fluxes within three conceptual soil water stores in the unsaturated zone: the uppermost soil layer 
(‘top layer’; SMC0), the soil zone where water is extracted by shallow-rooted vegetation (‘shallow 
root-zone layer’; SMCs), and the soil zone where water is extracted by deep-rooted vegetation 
(‘deep root-zone layer’; SMCd) (Renzullo et al., 2014). The top, shallow root-zone, and deep root-
zone layers are consecutive and have maximum thicknesses of 9 cm, 21 cm and 10 m respectively 
(Renzullo et al., 2014). Only the top two soil layers were specifically used in the SEB model (see 
Appendix B), with a combined maximum thickness of 30 cm. The AWAP meteorological data, 
including daily total rainfall were used to run the AWRA-L model (Jones et al., 2009; Renzullo et 
al., 2014). Soil water storage, infiltration (i.e. precipitation minus runoff), evaporation and 
transpiration losses, drainage (using a simplified Richards approach) and capillary rise were, where 
applicable, considered in the calculation of the three soil layers (van Dijk, 2010). Rooting depths 
were not prescribed in the SEB model, with all vegetation assumed to have access to soil water in 
the shallow soil layer. 
                                                     
v A zero height value could not be assigned without resulting in SEB model instability. 
Vegetation height 
(m) 
Cover-type Leaf width (mm) 
>= 8 Trees 20.0 
2-8 Shrubs 7.5 
1-2 Grasses 5.0 
<1 Bare ground 0.1 
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Table 2-2. Surface energy balance model input variables, including source, spatial and temporal resolution, and reported standard error. AWAP = Australian Water 
Availability Project; AWRA-L = Australian Water Resource Assessment Landscape model; SRTM-DSM = Shuttle Radar Topography mission – digital surface 
model; PGV = persistent green vegetation; LAI = leaf area index. - = unitless variable. N/A indicates datasets not included in the sensitivity and uncertainty 
analysis described in Chapter 4. Standard error was not available for leaf area index (LAI) as LAI was derived from MODIS normalised difference vegetation index 
(NDVI). Instead σLAI was calculated using MODIS LAI error variance (Fang et al., 2013) and the standard deviation of the difference between NDVI-derived LAI 
and MODIS LAI. Where standard error (σ) was expressed as a range in the literature, the higher value was chosen.  
Variable (symbol; unit) 
Resolution: 
spatial; 
temporal 
Data source, processing steps and references Reported standard error (σ) 
Error 
variance 
(σ2) 
Satellite observations of LST 
(Ts.obs; K) 
1 km; 
instantaneous 
daily 
Obtained from USGS (MOD11A1; LP DAAC, 
2014b)1. 
1 K (Wan, 2008); 1.7 K (Barrett 
and Renzullo, 2009); 3.4 K (Wan 
and Li, 2008) 
1.00, 2.89, 
11.56 
Average, daily near-surface 
wind speed (u; s m-1) 
1 km; average 
daily 
Derived from daily wind run data (McVicar et 
al., 2008)2. No temporal interpolation required. 
0.3-0.4 m s-1 (McVicar et al., 2008) 0.16 
Daily top layer and shallow 
root-zone layer soil water 
(SMC0, SMCs; mm d-1) 
5 km; total 
daily 
Obtained from AWRA-L (Renzullo et al., 
2014)3. No temporal interpolation required. 
0.01-0.2 mm (Renzullo et al., 2014) 0.04 
Instantaneous (9:30am) air 
temperature (Ta; K) 
5 km; daily 
min & max 
Obtained from AWAP (Jones et al., 2009; 
2007)4 and interpolated to instantaneous 
measurement using Forsythe et al. (1995), 
Parton and Logan (1981), and McVicar and Jupp 
(1999). 
Original data: 1.2/1.7 K (Jones et 
al., 2009) 
5 
Temporal interpolation: 1.6 K (Jupp 
et al., 1998) 
Instantaneous (9:30am) 
vapour pressure (Ea; kPa) 
5 km; 
9am/3pm daily 
Obtained from AWAP (Jones et al., 2009; 
2007)4 and interpolated to instantaneous 
measurement using linear interpolation 
(McVicar and Jupp, 1999). 
Original data: 0.18/0.25 kPa (Jones 
et al., 2009) 
0.12 
Linear interpolation: 0.23 kPa 
(McVicar and Jupp, 1999) 
Instantaneous (9:30am) 
shortwave radiation (Sd; W 
m-2) 
5 km; average 
daily 
Obtained from AWAP (Jones et al., 2007; 
2009)4 and interpolated to instantaneous 
measurement using Paltridge and Platt (1976). 
18-35 W m-2 (Jones et al., 2006) 1225 
Daily normalised difference 
vegetation index (NDVI; -) 
250 m; 16-day 
composite 
Obtained from USGS (MOD13Q1; LP DAAC, 
2014c; Huete et al., 1999)1 and extrapolated to 
daily observations by selecting the (temporally) 
nearest observation. 
N/A 
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Daily vegetation height (hc; 
m) 
30 m; 16-day 
composite 
Derived from SRTM-DSM (Gallant et al., 2009; 
Rodriguez et al., 2006)5; Landsat PGV (Scarth, 
2012; Scarth et al., 2011)6, and MODIS NDVI1 
and derived LAI. Extrapolated to daily 
observations by selecting the (temporally) 
nearest observation. 
SRTM DSM: 9.8 m (Gallant et al., 
2011) 
96 (hc>2 
m) 
Assigned heights for non-woody 
vegetation based on NDVI: 0.2 m 
0.04 
(hc<=2 m) 
Daily leaf width (s; m) 
30 m; 16-day 
composite 
Assigned based on vegetation height (see Table 
2-1). 
Assigned values based on 
vegetation height: 0.02 m 
0.0004 
Leaf area index (LAI; m2 m-2)  
 
250 m; 16-day 
composite 
Derived from MODIS NDVI (MOD13Q1)1. 
Extrapolated to daily observations by selecting 
the (temporally) nearest observation. 
- 
Spatially 
varying 
Daily surface albedo (A; -) 
500 m; 16-day 
composite 
Obtained from USGS (MCD43A3: LP DAAC 
2014a; Strahler and Muller, 1999)1 and 
extrapolated to daily observations by selecting 
the (temporally) nearest observation.  
N/A 
1 https://lpdaac.usgs.gov/data_access; 2 data.csiro.au/;3http://www.emast.org.au/observations/bioclimate/; 4http://www.bom.gov.au/jsp/awap/; 
5http://www.ga.gov.au/search/index.html#/; 6http://www.auscover.org.au/xwiki/bin/view/Product+pages/Persistent+Green-Vegetation+Fraction. 
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Chapter 3. Characterising subsurface water use by 
vegetation using a surface energy balance model 
and satellite observations of land surface 
temperature  
 
The purpose of this chapter is to assess the ability of a LST model-data differencing approach to 
detect and quantify subsurface water use by vegetation communities in the Condamine region, 
southern Queensland, Australia. The novel LST model-data differencing approach is presented 
whereby differences in modelled LST (Ts.mod) and satellite-observations of  LST (Ts.obs) are used to 
detect subsurface water use by the vegetation in space and time. Modelled LST only accounted for 
use of surface water and soil water in the top 30 cm of the soil profile (i.e. shallow soil water), 
whereas Ts.obs captured water use from all available sources (see Figure 1-1). The 30 cm depth 
threshold for shallow soil water was defined by the thickness of the AWRA-L soil water data used 
in the two-layer SEB model. When compared, temperature differences between the independently-
derived Ts.mod and Ts.obs reveal model-data systematic and random errors in addition to a LST signal 
pertaining to subsurface water use by vegetation (deep root-zone soil water (i.e. soil water below 30 
cm depth) and aquifer groundwater; Figure 1-1). The ability to detect the location and quantify 
water-use dynamics of vegetation is a significant advancement on previous remote-sensing GDV 
methods. 
A simple threshold approach was used to consider impacts of random error on the spatial and 
temporal detection of subsurface water use by vegetation communities (sswuse) and account for 
systematic model-data error. The spatial extent of vegetation in the study area found to have used 
subsurface water and existing GDE mapping were congruent. Each dataset represents independent 
information on potential sswuse, thus their coincidence provides confidence in the actual dependence 
of vegetation on subsurface water. Woodland vegetation was found to use subsurface water up to 
48% of the time and for as many as 56 consecutive days. Under driest of conditions, subsurface 
water was estimated to contribute up to two thirds (0.2 mm h-1) of total ET (up to 0.35 mm h-1).  
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This chapter was published as: 
Gow et al. (2016). Characterising groundwater use by vegetation using a surface energy 
balance model and satellite observations of land surface temperature. Environmental 
Modelling & Software, 80, 66-82. 10.1016/j.envsoft.2016.02.021  
Minor changes have been made to the text for integration into the thesis, including 
consolidation of the study area description and input data into Chapter 2, and standardisation 
of water-use terminology. 
 
3.1 Introduction 
The role of groundwater in maintaining ecosystem function is being increasingly recognised, 
particularly during droughts (Amlin and Rood, 2002; Froend and Sommer, 2010; Kath et al., 2014; 
Naumburg et al., 2005). Globally increasing demand for groundwater resources in intensive multi-
user landscapes is necessitating development of new methods for managing the spatio-temporal 
components of this resource and its associated impacts on natural groundwater-dependent 
ecosystems (GDEs). This includes those vegetation communities that are occasionally dependent on 
groundwater resources for maintenance of critical ecosystem function during protracted or seasonal 
droughts (Murray et al., 2003).  
Traditional, field-based methods for examining water use, such as stable isotope analysis, sap flow 
measurements and eddy covariance technologies (e.g. Busch et al., 1992; Cramer et al., 1999; 
Thorburn et al., 1993; Zencich et al., 2002) have been successfully combined to determine the 
source, timing and/or magnitude of groundwater use at tree to plot scales (Eamus et al., 2015). 
However, these field programs are labour intensive and results can be difficult to extrapolate 
beyond the plot scale (Barron et al., 2014; Richardson et al., 2011b). In contrast, satellite remote-
sensing techniques can potentially identify subsurface water use (i.e. deep root-zone soil water and 
groundwater; Figure 1-1) by vegetation at landscape, regional, and continental scales (Glenn et al., 
2007; Guerschman et al., 2009a), through: (1) empirical correlation studies between measured 
reflectance from plants and physiological properties (e.g. Barron et al., 2014; Fu and Burgher, 2015; 
Gou et al., 2015; Kath et al., 2014), (2) reflectance-based evapotranspiration (ET) studies (e.g. 
Guerschman et al., 2009a; Maselli et al., 2014; Nagler et al., 2008); or (3) thermal-based, surface 
energy balance (SEB) ET measurement and modelling studies (e.g. Bastiaanssen et al., 1998; 
McVicar and Jupp, 2002; Thevs et al., 2015). Integrated groundwater-surface water models (e.g. 
Surface Water and Assessment Tool (SWAT) – Modular Three-Dimensional Finite-Difference 
Groundwater Flow (MODFLOW) model) can also be used to simulate groundwater ET (Kim et al., 
2008). 
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Empirical correlation methods applied at fixed points in time (e.g. Barron et al., 2014; Fu and 
Burgher, 2015; Gou et al., 2015; Kath et al., 2014) make inferences about the potential for aquifer 
groundwater use by vegetation based on the persistence of vegetation wetness and/or greenness 
under conditions where shallow soil water is assumed to be fully depleted. As these empirical 
correlation methods compare vegetation characteristics between two fixed points in time (i.e. wet 
versus dry conditions) they are unable to quantify the volume, timing and frequency of subsurface 
water use. Furthermore, due to the low temporal frequency of the analysis, these methods may omit 
GDEs dependent on subsurface water for short periods only (Kennedy et al., 2010; Lunetta et al., 
2004, 2006). In contrast, existing remote-sensing techniques that directly estimate ET using 
reflectance-based indices or physically-based energy balance approaches can be used to infer the 
timing and magnitude of subsurface water use by vegetation communities at the landscape or larger 
scale through a simple correlation with precipitation. Where ET is larger than accumulated rainfall, 
the difference is often assumed to be sourced from groundwater and/or irrigation water (Beamer et 
al., 2013; Gokmen et al., 2013; Groeneveld, 2008; National Water Commission, 2012a). However, 
empirical-based ET methods: (1) often use vegetation or moisture indices correlated with ET, which 
are therefore not biophysical measures; (2) focus on detecting changes in canopy structure, thus are 
more suitably applied at corresponding temporal scales of months to years; and (3) are developed 
from often highly localised field observations, limiting their application to other vegetation types 
and different landscapes (Glenn et al., 2007; Guerschman et al., 2009a; Scott et al., 2008).  
Physically-based ET methods that use remotely-sensed observations of LST as model input to solve 
the SEB equation calculate effectively ‘instantaneous’ ET at the time of satellite overpass (e.g. 
Bastiaanssen et al., 1998; Li and Lyons, 2002; McVicar and Jupp, 2002). Temporal extrapolation of 
instantaneous ET to daily time steps and beyond can be achieved through a number of different 
approaches described by Kalma et al. (2008). However, transpiration rates, regulated by stomatal 
response, vary at sub-daily time scales (i.e. seconds to minutes). Therefore, temporal extrapolation 
approaches (e.g. Thevs et al., 2015) can introduce systematic and random error to ET estimates that 
must be accounted for. While an improvement over methods using vegetation indices as empirical 
surrogates for ET (e.g. Guerschman et al., 2009a; Maselli et al., 2014; Nagler et al., 2008), these 
thermal-based SEB ET methods  also remain reliant on remotely-sensed LST data, which when 
used to directly estimate latent and sensible heat fluxes, can introduce errors of up to 75% 
(Timmermans et al., 2007). Furthermore, some methods (e.g. SEBAL) require the presence of 
cool/wet and warm/dry pixels to constrain quasi-linear relationships (Kalma et al., 2008).  
Determining the groundwater component of ET using SEB methods or groundwater models 
requires accurately accounting for all other components of the water balance (i.e. rainfall, soil water 
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storage, groundwater recharge) with groundwater ET the residual. The integrated groundwater-
surface water SWAT-MODFLOW model capitalises on the ability of SWAT to compute 
groundwater recharge and MODFLOW to characterise groundwater flow to more accurately 
account for water balance components (Kim et al., 2008). However, SEB groundwater-ET studies 
and groundwater-surface water models are still sensitive to accuracy in precipitation data (e.g. 
Peeters et al., 2013; van Eekelen et al., 2015), which is subject to interpolation errors (Jeffrey et al., 
2001; Jones et al., 2009). Furthermore, integrated groundwater-surface water models are highly 
parameterised, with considerable uncertainty associated with model inputs (Kim et al., 2008). 
Consequently, inferred ET from groundwater can remain highly uncertain.  
A recent study by Hain et al. (2015) identified neglected soil water source-sink processes through 
the comparison of Atmospheric-Land Exchange Inverse (ALEXI) model-derived latent heat flux 
estimates and latent heat predicted by the Noah land surface model (Hain et al., 2015). The ALEXI 
Source-Sink for Evapotranspiration (ASSET) index developed by Hain et al. (2015): (1) is a 
qualitative indictor only; (2) is not able to differentiate easily between sources of neglected water 
(i.e. irrigation versus groundwater) without ancillary datasets; (3) is applicable at regional to 
continental scales, rather than at the local scale; and (4) has not been applied to the characterisation 
of water-use dynamics (Hain et al., 2015). However, the study by Hain et al. (2015) highlights the 
potential advantages of comparing components of the SEB derived from independent sources.  
Considering the limitations associated with existing methods and the insight provided by Hain et al. 
(2015), this chapter proposes a novel LST model-data differencing approach to detect subsurface 
water use by vegetation (sswuse) by comparing SEB model derived LST (Ts.mod) with equivalent 
satellite observations of LST (Ts.obs) taking into account the requisite model and observation errors. 
The value of LST as a measure of ET by vegetation is well known (Anderson et al., 2011; Friedl, 
2002; Glenn et al., 2007; Moran, 2003; Ozdogan et al., 2010; Ozdogan and Gutman, 2008; Zarco-
Tejada et al., 2013). Taking into account all other factors (e.g. wind speed, vapour pressure deficit, 
and air temperature), when shallow soil water is depleted, systems with access to subsurface water 
will have a cooler LST than systems that do not. The SEB model used to derive Ts.mod accounts for 
shallow soil water in the unsaturated-zone (i.e. top 30 cm) whereas Ts.obs, as observed by the 
satellite sensor, is dependent on all available water sources (Figure 1-1). The lower limit of shallow 
soil water was defined by the thickness of the AWRA-L soil water data used in the two-layer SEB 
model. The residual ‘signal’ contained in model-data differences in LST, after errors are eliminated, 
is attributed to subsurface water use (i.e. soil water below 30 cm depth and aquifer groundwater; 
Figure 1-1). Strengths of this approach over existing ET-based methods are: (1) the use of a two-
layer SEB model which better represents physical processes than single-layer or ‘big-leaf’ SEB 
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models (Overgaard et al., 2006); and (2) the SEB model is forced by spatially-interpolated 
meteorological, soil water and radiation data, so is independent of satellite observations of LST. 
This avoids circularity in the detection of subsurface water use by the vegetation. It should be noted 
that Ts.mod and Ts.obs may be indirectly dependent when using similar algorithms to correct for 
emissivity.  
This study aimed to: (1) assess the ability of LST data to detect variation in sswuse taking into 
account the errors in the model and data; and (2) use a LST model-data differencing approach to 
detect and quantify sswuse in a subtropical mixed-woodland-agricultural landscape. This chapter 
describes the proposed LST model-data differencing approach; estimates systematic and random 
model-data errors; and quantifies inferred sswuse in a subtropical mixed-woodland-agricultural study 
area. 
 
3.2 Methodology 
3.2.1 Model-data differencing approach 
The LST model-data differencing approach to mapping sswuse compares Ts.mod derived from a two-
layer SEB model with Ts.obs retrieved from satellite thermal imagery. The Ts.obs dataset is discussed 
in detail in Section 2.2.1. The two-layer SEB model used in this study is a modification of the 
model described by Friedl (2002; 1995) and was driven by soil water content, net radiation and 
meteorological (air temperature, vapour pressure, wind speed) forcing data (see Section 2.2). The 
model comprises six equations solved simultaneously for three temperature (soil, vegetation and at 
the effective height of heat exchange) and three vapour pressure variables (soil, vegetation and at 
the effective height of heat exchange; Appendix B). The solutions were then used to calculate 
surface sensible and latent heat fluxes, and Ts.mod. The SEB model was resolved at 250 m (averaged 
to 1-km resolution coincident with Ts.obs data) and at the time of Terra-MODIS overpass for the 
entire study area (3200 km2), for all dates (n=4617) between 02/02/2000 and 22/09/2012. All 
processing was done using the R statistical computing and graphics program  
Subsurface water use by the vegetation was evident where Ts.mod exceeded Ts.obs by a threshold (e), 
chosen from consideration of errors in both the model and observations. This inference was based 
on an assumption that Ts.mod provided information, when all other factors (e.g. wind speed, vapour 
pressure deficit, and air temperature) and their errors were taken into account, on transpiration 
supported by shallow soil water only (Figure 1-1). In contrast Ts.obs, as observed by the satellite 
sensor, was determined under the same meteorological conditions as the model but from all 
available water sources including groundwater (Figure 1-1). Under dry conditions (i.e. when sswuse 
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was expected to be greatest) Ts.mod was expected to exceed Ts.obs for vegetation accessing subsurface 
water, as the SEB model only accounted for shallow soil water. As soil water content increased, 
Ts.mod and Ts.obs were expected to converge as fewer subsurface water resources were utilised, thus 
model representation of available water became more realistic.  
Cloud cover marginally affected LST temporal coverage, with Ts.obs data available for between 88% 
(4068/4617) and 96% (4414/4617) of days across the entire study area. If vegetation used 
subsurface water on all cloud-affected days, analysis (not shown) indicated the frequency of sswuse 
would be underestimated by up to 11%. 
 
3.2.2 Error and threshold determination 
Both Ts.mod and Ts.obs contain systematic and random errors. Model errors can arise from forcing 
data, parameter uncertainties, and conceptualisation of physical processes by model equations. 
Errors are also introduced through satellite observations, arising from atmospheric and emissivity 
effects and sensor noise (Wan, 2008; Wan et al., 2002). The 1-km MODIS LST product (Ts.obs) has 
a reported geolocation error of 50 m at nadir (Wolfe et al., 2002) and a radiometric error of better 
than ±1 K (Wan, 2008). However, in addition to the aforementioned errors, Ts.obs may be further 
underestimated due to residual cloud contamination (Wan, 2008).  
Systematic LST model-data errors were evident as a consistent bias in temperature differences (∆Ts) 
between Ts.mod and Ts.obs irrespective of cover-type or relative surface soil wetness (θr; based on top 
two soil layers only). Relative surface soil wetness is shown in Equation 3-1, where SMC0 and 
SMCS are soil water content in the top soil and shallow root-zone soil layers respectively and 
SMC0.FC and SMCS.FC are field capacity of the top soil layer and shallow root-zone soil layer (31.61 
and 31.6305 mm respectively).  
𝜃𝑟 =
(𝑆𝑀𝐶0 + 𝑆𝑀𝐶𝑆)
(𝑆𝑀𝐶0.𝐹𝐶 + 𝑆𝑀𝐶𝑆.𝐹𝐶)
 
Equation 3-1 
The magnitude of this bias was estimated from comparing ∆Ts for grassland cover-types (or bare 
ground) that were inferred not to have accessed subsurface water. To estimate the magnitude of 
LST model-data bias, twelve 1 × 1 km ‘pure’ cover-type model grid cells were selected from each 
of the alluvial grassland and hill slope woodland areas (see Figure 2-7 for location of selected grid 
cells). Grassland cover-types potentially impacted by surface and shallow water run-on were 
excluded by ensuring the distance from the hill slope toe to the pure cover-type grid cell was >4 km. 
Temperature differences were categorised based on the prevailing daily relative surface soil wetness 
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(θr) for grid cells across the study area. Relative surface soil wetness was originally divided into 
five categories: very dry conditions (<1%), dry conditions (1–25%), moderate conditions (25–50%), 
wet conditions (50–85%) and very wet conditions (>85%). Results for very wet conditions (>85%) 
and dry conditions (1-25%) were omitted as they provided no additional insight than was provided 
by the remaining three categories.  
Once the magnitude of systematic bias was known, it was accounted for by application of a 
threshold (e). The identification of sswuse occurred when model and data temperature differences 
(ΔTs) exceeded the systematic errors as represented by the threshold (e). Use of a single threshold 
value assumed systematic error was fixed in space and time. If errors were spatially and/or 
temporally correlated to specific climatic conditions or landscape characteristics, a threshold 
approach could both over- and underestimate errors. Single-day Ts.obs data gaps preceded and 
proceeded by ΔTs > e were assumed to have similarly exceeded the threshold. Temperature 
differences also contained random errors which were expressed as random variability in e. Thus two 
thresholds were applied in the detection of sswuse to account for systematic bias and random error. 
Results based on these two thresholds demonstrate the sensitivity of the detection and quantification 
of sswuse to random errors in the SEB model and satellite observations of LST.  
 
3.3 Results and Discussion 
3.3.1 Error and threshold determination 
Figure 3-1 shows per-pixel average ΔTs for different relative surface soil wetness (θr) ranges: <1%, 
25–50%, and 50–85%. The magnitude of ΔTs decreased with θr from a maximum difference of ~10 
K under dry conditions (<1%; Figure 3-1a) to ~5 K under wet conditions (50–85%; Figure 3-1c). 
The contrast in average ΔTs between woodland vegetation on the hill slopes compared to grasses in 
the alluvial floodplain also decreased with increasing θr from a difference of >4 K under dry 
conditions (<1%; Figure 3-1a) to <4 K under wet conditions (50–85%; Figure 3-1c). There were 
very few locations where negative ΔTs values (i.e. Ts.mod < Ts.obs) were observed (see Figure 3-1b). 
These locations corresponded to bare ground/low cover areas, characterised by high relative surface 
soil wetness and very low soil boundary layer resistance (rw). These conditions led to a reduction in 
Ts.mod such that Ts.mod < Ts.obs. This suggests that model-data errors may be correlated with specific 
climatic conditions and/or landscape characteristics rather than being fixed in space and time. 
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Figure 3-1. Temporal-mean temperature differences (ΔTs) for different relative surface soil wetness (θr) 
ranges (over the entire period of investigation): (a) <1% θr (dry conditions), (b) 25–50% θr (moderate 
conditions), and (c) 50–85% θr (wet conditions). Subfigure (d) is a Landsat TM 5 natural colour composition 
(bands 3, 2, 1) for 25 June, 2006.  
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For grid cells with full cover (i.e. ‘pure’ grassland or woodland), a more detailed analysis of ΔTs 
was possible. Density distribution plots of ΔTs for a sample of ‘pure’ grassland and woodland 
cover-types (described in Section 3.2.1) illustrate an increasing distinction between grassland and 
woodland cover-types as relative surface soil wetness (θr) decreased (Figure 3-2). Table 3-1 shows 
the root mean square difference (RMSD) and standard deviation (SD) of all ΔTs values for: (1) the 
entire population of grid cells; (2) the grassland sample population; and (3) the woodland sample 
population,  for three relative surface soil wetness (θr) ranges (<1%, 25–50% and 50–80%). Root 
mean square difference decreased with increasing θr for the entire population and the woodland 
sample population by 2.21 K and 4.19 K respectively, while the grassland sample population 
showed very little variation in ΔTs with changes in θr (Table 3-1). This indicates Ts.mod and Ts.obs 
values for woodland vegetation converged with increasing θr suggesting decreased use of 
subsurface water. While RMSD values were similar for the two sample populations under wet 
conditions (50–85% θr), under dry conditions (<1% θr) RMSD for woodland vegetation was 3.97 K 
larger than for grassland vegetation (Table 3-1). This supports the hypothesis that woodland 
vegetation had access to additional water resources under dry conditions than grasslands, leading to 
greater divergence between Ts.mod and Ts.obs. Mean SD across the three θr conditions was largest and 
most variable for the grassland sample population (Table 3-1) indicating greater variation in Ts.mod 
and/or Ts.obs values within the grassland sample population.   
Root depth distribution studies have found that root biomass is concentrated in the top 30 cm of the 
soil profile for many biomes, in particular for grasses (Jackson et al., 1996; Schenk and Jackson, 
2002). A review by Schenk and Jackson (2002) also found that average rooting depth increased 
with mean annual precipitation, with maximum reported rooting depths of up to 4 m for grasses in 
humid conditions. Thus while the majority of root biomass for grasses across the study area was 
expected to be contained within the top 30 cm, some roots may have penetrated to greater depths. 
Based on global studies, on average less root biomass is concentrated in the top 30 cm of the soil 
profile for trees (Jackson et al., 1996), with maximum reported rooting depths of 12.6±3.4 m for 
sclerophyllous trees (Canadell et al., 1996). Direct observation of root distribution (see Smit et al., 
2000) of dominant vegetation species in the study area is required to further constrain these average 
rooting depths.  
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Figure 3-2. Probability (density) distribution of temperature differences (ΔTs; K) for ‘pure’ grassland and 
woodland cover-type sample populations at varying relative surface soil wetness ranges: (a) <1%, (b) 25–
50%, and (c) 50–85%. These density distribution plots highlight the increasing significant difference 
between cover-types as relative surface soil wetness declines.  
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Table 3-1. Root mean square difference (RMSD) and standard deviation (SD) of temperature differences 
(ΔTs) for different relative surface soil wetness ranges (<1%, 25–50%, and 50–85%) and for the entire 
population (all data) and two sample populations (grassland and woodland cover-types). 
 
 
Relative surface soil wetness (θr) ranges  
  < 1%  25–50%  50-85%  
All data 
RMSD (K) 7.23 5.72 5.02 
SD (K) 4.79 4.94 4.38 
Grassland  
RMSD (K) 5.44 5.91 5.53 
SD (K) 4.43 5.74 5.09 
Woodland  
RMSD (K) 9.41 6.29 5.22 
SD (K) 3.91 4.30 4.09 
 
Temperature differences observed in this study are consistent with woodland vegetation becoming 
increasingly reliant on subsurface water as relative surface soil wetness declines (or time since last 
rainfall event), which supports the postulated conceptual model of plant-water use shown in Figure 
2-6. These conclusions are based on three characteristics of the observed dynamics of ΔTs: (1) for 
each θr range, maximum ΔTs (Figure 3-2) and RMSD of ΔTs (Table 3-1) for woodlands were 
consistently larger than those of grasslands under the same conditions, with this relationship 
becoming more apparent as the soil profile dried out; (2) standard deviation of grassland ΔTs values 
were larger than for woodland vegetation for all  θr values; and (3) ΔTs values contained a mixture 
of subsurface water-use signal and error (both systematic and random) as discussed in Section 3.2.1, 
with systematic LST model-data error in this study being manifest as an overestimation of modelled 
LST (Ts.mod) relative to observed temperatures (Ts.obs). 
It is assumed that increased θr resulted in a decrease in the proportion of sswuse used by vegetation 
while the systematic LST model-data error component remained unchanged. Thus, the RMSD for 
wet soils (50–85% θr; 5.02 K in Table 3-1) provided a means of establishing the magnitude of the 
systematic LST model-data error component. Given their differing root depth distributions, the 
differentiation between grasslands and woodlands in terms of ΔTs was most evident under dry soils. 
The resulting bimodal distribution has an antimode value of 5.6 K for <1% θr which also provided 
evidence of the systematic LST model-data error component. Given that a higher threshold will be 
more conservative in identifying sswuse, 5.6 K was chosen as the primary threshold (e1). To test the 
sensitivity of the LST model-data differencing approach to random error, a second threshold (e2) 
was selected as 20% above the e1 threshold (i.e. e2 = 6.7 K). Twenty percent was arbitrarily chosen 
to represent a conservative estimate of random error. 
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3.3.2 Subsurface water use by vegetation 
Location 
The two thresholds (e1 = 5.6 K, e2 = 6.7 K) were firstly applied to long-term, per-pixel, average ΔTs 
to yield an aerial extent of vegetation which on average over the 13-year period of investigation, 
accessed subsurface water use and thus considered subsurface water-dependent (Figure 3-3a). 
Increasing the threshold from e1 to e2 reduced the areal extent of subsurface water-dependent 
vegetation by 649 km2 (~67% of the total area), with greater confidence attributed to those areas 
detected at the higher of the two thresholds (Figure 3-3a). The magnitude of random error in ΔTs 
therefore impacts the confidence with which subsurface water-dependent vegetation was mapped. 
However, use of fixed threshold values will not fully account for model-data errors should they vary 
spatially and temporally.  
The areal extent of mapped subsurface water-dependent vegetation (using the e1 threshold) was 
compared with an independent GDE dataset – the GDE Atlas (Bureau of Meteorology, 2012; 
National Water Commission, 2012b) - shown in Figure 3-3b. An additional GDE map product – 
Queensland Terrestrial GDE areas (State of Queensland, 2013a) – is a near-complete (~99%) subset 
of the GDE Atlas and as such not discussed further. Mapped subsurface water-dependent 
vegetation, covered a total of 963 km2, compared to 1291 km2 for the GDE Atlas. Approximately 
90% of the mapped subsurface water-dependent vegetation areal extent coincided with the GDE 
Atlas, with the remaining 10% representing additional vegetation identified in this research as 
dependent on subsurface water. The coincidence of these two independently derived datasets 
provides confidence in the actual dependence on subsurface water by these vegetation communities. 
However, the two datasets differed with respect to the detection of riparian vegetation along rivers 
and around the margins of the hill slope woodland areas. 
Riparian-zone vegetation were not identified in subsurface water-dependent vegetation mapping 
(Figure 3-3a). These riparian communities are dominated by Eucalyptus camaldulensis, E. 
tereticornis, E. coolabah and E. microtheca and are associated in part with the Condamine River, 
considered to be ‘medium losing’ (i.e. river channel and alluvial water table separated by an 
unsaturated zone; Figure 2-6b; Welsh et al., 2014) in the study area (CSIRO, 2008). Water table 
depths are typically <10 m which is within the rooting depths of E. Camaldulensis, a species known 
to utilise a mix of water sources, including groundwater (Bacon et al., 1993; Cramer et al., 1999; 
Wen et al., 2009). Thus, these riparian communities may have had access to the water table. 
Possible explanations as to why the LST model-data differencing approach did not detect 
subsurface water use at these locations are: (1) the 1-km spatial resolution of the ΔTs dataset was 
too coarse to detect the narrow linear riparian vegetation; (2) riparian vegetation predominantly 
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utilised surface (river) water and shallow soil water stores during the period of investigation and 
hence exhibited relatively low long-term average ΔTs; and/or (3) the proportional contribution of 
subsurface water to ET was too small given the model-data error. The inability of the coarser 
spatial-resolution LST data to resolve boundaries may also explain differences in mapped margins 
along hill slopes in the woodland areas of the GDE Atlas (Figure 3-3).  
 
 
Figure 3-3. Spatial extent of (a) vegetation that exhibited temperature difference (ΔTs) > e1 (5.6 K) or e2 (6.7 
K) thresholds over the long-term average, and (b) areas mapped as ‘reliant on subsurface groundwater’ 
according to the GDE Atlas. Data sources: 1 Geoscience Australia (2003); 2 Bureau of Meteorology (2012). 
The underlay image is a Landsat TM 5 natural colour composition (bands 3, 2, 1) for 25 June, 2006. 
In the large part, woodland communities on the hill slopes were mapped as subsurface water-
dependent in both independently-derived datasets (Figure 3-3). These vegetation communities are 
dominated by varying Eucalyptus species (in particular E. crebra and E. decorticans) and Corymbia 
spp. (State of Queensland, 2013b), and grow on chromosols, dermosols and kurosols (ASRIS, 
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2005) overlying the highly weathered Kumbarilla beds (GA, 2012). The outcropping Kumbarilla 
beds are a recharge zone to the underlying Walloon Coal Measures and Great Artesian Basin 
aquifers (Figure 2-6a; Huxley, 1982; Smerdon and Ransley, 2012) and, locally, to the alluvial 
floodplain and Wilkie Creek. The water table depth ranges from <10 m to > 60 m (State of 
Queensland, 2008), thus use of regional confined or semi-confined groundwater resources for ET 
may, at some locations, appear beyond the reported global average rooting depth for sclerophyllous 
trees of 12.6 ± 3.4 m (Canadell et al., 1996; see also Figure 2-6a). Thus, it appears that localised 
recharging subsurface water resources within the unsaturated, weathered Kumbarilla beds (i.e. deep 
root-zone soil water) were an important source of water for ET of the woodland vegetation during 
periods of low shallow soil water.  
It should be noted that soil water forcing data in the SEB model only considers precipitation-
derived water; it does not include any water arising from irrigation. Use of irrigation water by 
grasses would increase latent heat flux, decrease canopy surface temperature and therefore increase 
the temperature difference between Ts.mod and Ts.obs. Consequently, vegetation consistently 
dependent on irrigation water would also be detected using the threshold values unless the spatial 
scale of an irrigated area was too small to be detected in a 1 km grid cell. No such areas were 
identified, suggesting that similar to riparian vegetation, spatial resolution of LST data may have 
been too coarse and/or the model-data errors too large to detect ET arising from irrigation. Other 
possible explanations are: (1) irrigation water was not utilised over the long-term and hence not 
detected using the long-term average ΔTs, and/or (2) model-data errors varied spatially as a 
consequence of vegetation characteristics and/or micro-meteorological conditions  and as such a 
fixed threshold value used to account for this error over- and underestimated sswuse.  
 
Frequency, duration and timing 
The two thresholds (e1 and e2), were also applied temporally to the ΔTs time-series to identify 
frequency, duration and timing of threshold exceedance and hence dynamics of sswuse. Figure 3-4a 
shows the total number of days over the period of investigation (as a percentage) for which ΔTs > 
e1. Values ranged from a minimum of 4.9% for grasses on the alluvial floodplain to 34.5% for 
woodlands on the hill slopes, compared to 3.1–30.5% for e2 (not shown). Areas with high frequency 
of e1 exceedance (Figure 3-4a) corresponded well with vegetation mapped as dependent on 
subsurface water (Figure 3-3a). However, there were some areas in the floodplain, mapped as non-
subsurface water-dependent in Figure 3-3a that showed relatively high frequency of sswuse relative 
to adjacent floodplain grid cells (Figure 3-4a). In these instances, detected sswuse may reflect access 
to irrigation water at different times throughout the period of investigation.  
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Figure 3-4. Frequency and duration of e1 error threshold exceedance, with: (a) percentage of days over (the 
period of investigation); (b) maximum number of consecutive days; and (c) mean number of consecutive days 
for which temperature difference exceeded e1 threshold. Examples of higher relative frequency of error 
threshold exceedance by vegetation in the alluvial floodplain are circled in (a). (d) is a Landsat TM 5 
natural colour composition (bands 3,2,1) for 25 June, 2006. 
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The maximum number of consecutive exceedance days for e1 (i.e. longest detected period of 
uninterrupted subsurface water use by vegetation) ranged from 5–56 days across the study area 
(Figure 3-4b).  Longer periods of uninterrupted subsurface water use were observed for woodland 
vegetation than for grasslands (Figure 3-4). Figure 3-4c shows mean number of consecutive days 
over the e1 threshold which represents average periods of uninterrupted subsurface water use by 
vegetation.  Again, there is a distinction between grassland and woodland vegetation, with 
woodland vegetation on hill slopes exhibiting uninterrupted subsurface water use for 1–4 days and 
grasses in the alluvial floodplain on average never exceeded the threshold for more than one day at 
a time (Figure 3-4c).  
Frequency of threshold exceedance was inversely related to a wetness index (WI): 
𝑊𝐼 = 𝑃/𝐸𝑇𝑝 
Equation 3-2 
where P is precipitation (mm month-1) and ETp is potential ET (mm month
-1). Precipitation, 
(measured at -27.18/151.26), was obtained from the Bureau of Meteorology Climate Data Online 
portal while potential ET (at -27.15/151.29) was obtained as patched point data from the Scientific 
Information for Land Owners (SILO) database and calculated using Morton’s potential 
evapotranspiration equation (Morton, 1983). Between 2000 and 2012 annual WI values range from 
0.18 to 0.48 (i.e. arid to semi-arid), with an average of 0.28 (semi-arid; Middleton and Thomas, 
1992). Over the full record (1881–2012) WI values ranged from 0.13 to 0.59, with a long term 
average of 0.33 indicating the site ranged from arid (0.05 < WI < 0.2) to sub-humid (0.5 < WI < 
0.65) conditions, with  semi-arid conditions on average. During the dry season (April–September; 
excluding June where winter rainfall results in a high WI value), average monthly WI (over the 13-
year period of investigation) was relatively low (<0.25) while the cumulative monthly relative 
frequency of threshold exceedance was relatively high (>0.15; Figure 3-5). Although not shown, a 
negative correlation was evident for both thresholds (e1 and e2). A 20% increase in the threshold 
(i.e. e1 compared to e2) resulted in a 10% decrease in the frequency of exceedance. The relative 
frequency of threshold exceedance for non-subsurface water-dependent vegetation areas (as mapped 
in Figure 3-3a) ranged from ~2–22% (Figure 3-5). In comparison, the relative frequency of 
threshold exceedance for mapped subsurface water-dependent vegetation areas (Figure 3-5) was 
consistently larger than for all other sample groups. Furthermore, the subsurface water-dependent 
vegetation sample population exhibited a statistically significant difference (p-value < 0.05) when 
compared with non- subsurface water-dependent vegetation areas, with 5–20% greater frequency of 
threshold exceedance (Figure 3-5). Figure 3-6 shows the linear regression of wetness index and 
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relative frequency of threshold exceedance for the three populations. All three populations exhibit a 
negative correlation, with the highest R2 value (0.5303) observed for GDV areas and lowest R2 
value (0.2394) observed for non-GDV areas (Figure 3-6). This suggests that increased wet-season 
shallow soil water (i.e. high WI) resulted in a reduction in the subsurface water component of total 
ET of woodland vegetation.  
The spatial application of the e1 threshold identified much of the hill slope woodland vegetation as 
subsurface water-dependent. Temporal ΔTs analysis provided additional information about the 
timing, frequency and duration of sswuse, revealing that particular vegetation communities within 
the broader hill slope community were more extensively reliant on subsurface water resources (i.e. 
high mean and maximum number of consecutive days over the error threshold) than neighbouring 
vegetation (Figure 3-4). Areas mapped as non- subsurface water-dependent vegetation based on the 
e1 threshold (e.g. grasses; Figure 3-3) appear to have accessed water resources below the top 30 cm 
of the soil profile during the period of investigation (Figure 3-4 and Figure 3-6). These vegetation 
communities are unlikely to have sourced their water from the alluvial aquifer due to the relative 
depth of the water table in comparison to the assumed maximum rooting depth of grasses. Instead, 
ΔTs were likely due to deeper soil water use (below 30 cm) presently not accounted for in the SEB 
model.  
 
 
Figure 3-5. Timing of average monthly relative exceedances and wetness index (WI=precipitation/potential 
ET) values for all grid cells over the entire period of investigation; grid cells mapped as subsurface water-
dependent vegetation based on the e1 threshold (5.6 K); and grid cells mapped as non-subsurface water-
dependent vegetation based on the e1 threshold. Relative exceedance is the proportional frequency that the e1 
threshold was exceeded, cumulated per month for the period of investigate. 
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Figure 3-6.Scatterplot of average monthly wetness index (WI = precipitation/potential ET) versus average 
monthly relative exceedance for: all grid cells over the entire period of investigation (blue diamonds); grid 
cells mapped as subsurface water-dependent vegetation based on the e1 threshold (5.6 K; green triangles); 
and grid cells mapped as non-subsurface water-dependent vegetation based on the e1 threshold (orange 
circles). Relative exceedance is the proportional frequency that the e1 threshold was exceeded, cumulated 
per month for the period of investigate.  
 
Magnitude 
The difference between modelled ET (ETmod) and observed ET (ETobs) was used to estimate the 
magnitude of sswuse, the details of which are provided in Appendix B. Evapotranspiration 
differences were calculated for the different relative surface soil wetness ranges (<1%, 25–50%, and 
50–85% θr). Under wet conditions (50–85% θr) subsurface water contribution to total ET (~0.50 
mm h-1) for woodland vegetation on the hill slopes were ~0.1 mm h-1 (69.4 W m-2) to 0.15 mm h-1. 
Under dry conditions (<1% θr) subsurface water ET rates ranged from 0.1 mm h-1 (69.4 W m-2) to 
0.2 mm h-1 (138.9 W m-2) of total ET (~0.35 mm h-1). This indicates that the proportion of sswuse 
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increased under dry conditions. These subsurface water ET rates (~365–730 mm y-1) are within the 
upper limits of those reported from other vegetation groundwater discharge studies across Australia 
(2–700 mm yr-1; O’Grady et al., 2011).  
Latent heat flux estimates derived from the SEB model (see Equation A 9) were strongly correlated, 
with latent heat flux estimates obtained using the Penman-Monteith modelvi (see Steduto et al., 
2003) with an R2 value of 0.9639, providing further support for the accuracy of the SEB model.  
 
3.3.3 Advantages and improvements 
The LST model-data differencing approach described in this study has two main advantages. Firstly 
the inclusion of a two-layer SEB model enables model diagnosis and evaluation through 
comparison of model outputs (e.g. ET) with physical, independent measurements. Such 
observations can also be used to constrain the model when available. Secondly this approach is able 
to determine the timing, frequency and duration (see Figure 3-4) and estimates of magnitude of 
subsurface water use by vegetation on a daily basis.  
The ability of the LST model-data differencing approach to detect subsurface water use by 
vegetation is dependent on the accurate estimation of model and observation errors. Single fixed 
error values were approximated and conservative thresholds applied. Such an approach may not 
fully account for model-data errors if they vary in space and time. Determination of a spatio-
temporal threshold would require a more in-depth understanding of: (1) model uncertainty, for 
example through a sensitivity (parameter, inputs) analysis, and (2) the spatial characteristics of 
observation error. Improved quantification of systematic and random errors in space and time, and 
threshold determination would increase the accuracy of the detection of subsurface water use by 
vegetation. Furthermore, reductions in model-data random and systematic error will increase the 
sensitivity of the approach to detect subsurface water use by vegetation. For example, more 
information on root depth distribution of dominant vegetation in the study area could be 
incorporated into improved parameterisation of the soil water balance component thus reducing 
model error. 
 
  
                                                     
vi Bulk canopy resistance (rc) was calculated as the sum of stomatal resistance (rv) and boundary layer resistance (rb) 
used elsewhere in this research.  
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3.4 Conclusions 
This chapter described a novel approach of detecting subsurface water use by vegetation (inclusive 
of both soil water below 30 cm depth and groundwater) from modelled and observed LST. The 
approach is advantageous over other methods in its ability to detect and estimate the magnitude of 
subsurface water use by vegetation and determine the timing, frequency and duration of that use. 
Results indicate that hill slope woodland communities in the study area utilised subsurface water up 
to 34.5% of the period of investigation and for a much as 56 days in a row. Subsurface water use 
was also observed more frequently during the dry season from April–September.  
While the method could benefit from: (1) improvements in the accuracy of key input datasets and 
better quantification of systematic and random errors in order to better resolve the subsurface water-
use signal from noise; and (2) field measurements of water use to validate subsurface water-use 
inferences; it provides environmental and water resource managers with a physically-based, model-
data derived approach to mapping and quantifying subsurface water use using freely available, and 
national-scale data.  
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Chapter 4. Sensitivity and uncertainty analysis of a 
LST approach to detecting subsurface water use by 
vegetation 
 
As demonstrated in Chapter 3, independently-derived modelled LST (Ts.obs) and satellite 
observations of LST (Ts.mod) can be compared to differentiate a subsurface water-use signal, where 
subsurface water is inclusive of soil water below 30 cm depth and aquifer groundwater. However, 
detection of this signal can be considerably confounded by systematic and random error in both 
Ts.mod and Ts.obs which affects the confidence with which subsurface water use by vegetation (sswuse) 
is detected. Failure to adequately account for systematic and random error can lead to over- or 
underestimation of model-data temperature differences (∆Ts), and subsurface water-use detection 
omission (i.e. fail to detect subsurface water use when it occurred) or commission errors (i.e. detect 
subsurface water use when it did not occur).  
Consequently, the purpose of this chapter is to build upon the research described in Chapter 3 
pursuant to quantifying subsurface water-use dynamics of vegetation in the Condamine region. The 
objectives of this chapter are to: he (1) evaluate sensitivity of the two-layer surface energy balance 
(SEB) model (used in the LST model-data differencing approach) to uncertainty in resistance terms 
using a Jacobian Matrix; (2) quantify Ts.mod random error given these sensitivities through a 
Taylor’s series approximation of error propagation by the SEB model; (3) quantify uncertainty in 
model-data temperature differences given Ts.mod and Ts.obs random and systematic errors using a 
Student’s t-test; and (4) identify land surface conditions under which the LST model-data 
differencing approach is able to detect a statistically significant subsurface water-use signal given 
noise in both model and data. 
The sensitivity and uncertainty analysis presented in this chapter used daily in situ meteorological 
and vegetation data. This allowed for quantification of SEB model sensitivity and Ts.mod random 
error to observed combinations of (correlated and anti-correlated) climatic conditions. Uncertainty 
analysis identified particular vegetation and climate conditions in the study area (i.e. low leaf area 
index, vegetation heights and wind speeds) under which: (1) greater uncertainty in Ts.mod was 
observed, and (2) detectability of sswuse was low. These results are equally relevant to applicable of 
the approach elsewhere.  
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The LST model-data differencing approach described in Chapter 3 was improved in this study 
through: (1) quantification of daily Ts.mod random error, (2) explicit consideration of systematic and 
random errors in Ts.mod and Ts.obs; and (3) specification of confidence intervals (95%, 99% and 
99.9%) for sswuse detection. These improvements resulted in quantification of frequency and timing 
of sswuse across the study area within defined (high) confidence intervals.  
No improvements were made in this study to the initial estimates of Ts.obs random error and 
systematic model-data error described in Chapter 3. Furthermore, as the model-data differencing 
approach focused specifically on LST, no further consideration was given to errors associated with 
modelled and observed latent heat fluxes used in Chapter 3 to estimate magnitude of sswuse (see 
Section 3.3.2). Without these error estimates, uncertainty in estimated magnitude of sswuse could not 
be inferred with reliability and as such did not feature in subsequent analysis. 
This chapter was published as: 
Gow et al. (2016). A detection problem: Sensitivity and uncertainty analysis of a land 
surface temperature approach to detecting dynamics of water use by groundwater-
dependent vegetation. Environmental Modelling & Software, 85, 342-355. 
10.1016/j.envsoft.2016.09.003 
Minor changes have been made to the text for integration into the thesis including 
consolidation of the study area description and input data into Chapter 2. 
 
4.1 Introduction 
Communities of groundwater-dependent vegetation (GDV) play an important role in the 
maintenance of biodiversity (Jones et al., 2008) and actively regulate the biosphere through 
interlinked processes of the carbon and nitrogen cycle, the hydrological cycle and the surface 
energy balance (O’Grady et al., 2006b; Rogan et al., 2002). Information at a landscape to regional 
scale about GDV location, water-use dynamics and response to changes in water availability are all 
necessary to sustainably manage these ecosystems (Eamus et al., 2015; Murray et al., 2003).  
Various remotely-sensed methods are used to characterise GDV (see recent review by Eamus et al., 
2015). Change detection and/or time-series analysis methods qualitatively infer the location of 
GDV based on the ‘green island’ principle whereby vegetation with access to additional water 
resources under dry conditions (i.e. groundwater), is expected to maintain better ‘health’ over time 
than vegetation without access to additional water (e.g. Barron et al., 2014; Fu and Burgher, 2015; 
Gou et al., 2015; Tweed et al., 2007). Such studies are unable to quantify the volume of 
groundwater used and are less suited to mesic environments where soil water may not be fully 
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depleted (Eamus et al., 2015). Other remotely-sensed methods quantitatively infer subsurface water 
use where actual evapotranspiration (ET) exceeds precipitation or potential ET (e.g. Beamer et al., 
2013; Gokmen et al., 2013; Groeneveld, 2008; National Water Commission, 2012a, b). Actual ET 
can be derived from several different approaches including empirical correlations with reflectance-
based indices (e.g. Beamer et al., 2013; Guerschman et al., 2009a; Maselli et al., 2014), surface 
energy balance (SEB) modelling (e.g. Bastiaanssen et al., 1998; McVicar and Jupp, 2002; Thevs et 
al., 2015) or water balance modelling (e.g. Kim et al., 2008). Instead of comparing actual ET to 
precipitation, Hain et al. (2015) compared actual ET diagnosed using the Atmosphere-Land 
Exchange Inverse (ALEXI) model with ET predicted by a prognostic land surface-atmosphere 
model that neglects irrigation water and subsurface water. The LST model-data differencing 
approach described in Chapter 3 used a similar concept, comparing LST retrieved from satellite 
thermal imagery with independently modelled LST that similarly did not consider irrigation water 
and subsurface water. In both studies the difference between measurements was inferred to 
represent subsurface water (and irrigation water) use.  
Each of the various modelling and remote-sensing approaches has inherent assumptions, 
sensitivities and uncertainties. Model errors can arise from various sources including input data, 
parameter uncertainties, and conceptualisation of physical processes by model equations (Larocque 
et al., 2008; Refsgaard et al., 2006). Sensitivity and uncertainty analysis is thus important as it: 
identifies and targets aspects of a model where sensitivity is high and thus uncertainty could be 
reduced (Paul et al., 2003; Phillips and Gregg, 2001); assists with comparison between approaches; 
and provides a measure of reliability or confidence of model outputs (Bradshaw and Borchers, 
2000; Paul et al., 2003) which is particularly important when this information is used in 
management and/or policy decision-making (Bradshaw and Borchers, 2000). However, quantitative 
assessment of the uncertainty associated with GDV mapping methods is seldom undertaken.  
Model uncertainty can be quantified through a Taylor’s series approximation model (e.g. Hong et 
al., 2010; Phillips and Gregg, 2001) or using Monte Carlo simulation techniques (e.g. Cox and 
Siebert, 2006; Papadopoulos and Yeung, 2001; Paul et al., 2003). Monte Carlo simulation 
techniques are more suitable in complex measurement systems where parameter error variances are 
correlated (Papadopoulos and Yeung, 2001) and requires hundreds–thousands of model simulations 
(Phillips and Gregg, 2001). A Taylor’s series approximation model can be used where parameter 
uncertainties are independent and an analytical solution is desired (Papadopoulos and Yeung, 2001; 
Phillips and Gregg, 2001) but requires estimation of model output sensitivity with respect to each 
parameter input along with error variances (Papadopoulos and Yeung, 2001). This study aimed to 
systematically quantify the sensitivity and uncertainty of the LST model-data differencing approach 
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described in Chapter 3 using a Taylor’s series approximation. The LST model-data differencing 
approach is unique in that it compares modelled LST (Ts.mod) to satellite observations of LST (Ts.obs) 
and in doing so is able to provide temporal information about sswuse on a daily time-scale. A two-
layer SEB model, described by Friedl (1995, 2002) was used to calculate Ts.mod while Ts.obs was 
obtained from the MODIS sensor aboard the Terra satellite (see Section 2.2.1). Uncertainty exists in 
both Ts.mod and Ts.obs data, limiting the ability to detect a subsurface water-use signal from noise and 
bias. Consequently, quantification of these errors was required to detect sswuse within defined 
confidence intervals. 
On developing the two-layer SEB model, Friedl (1995) identified resistance terms as the main 
sources of model uncertainty. Sensitivity of SEB model outputs (including LST) to different 
resistance terms was previously assessed through a series of simulations which were used to make 
inferences about model uncertainty under different simulated conditions (Friedl, 1995, 2002). Friedl 
(1995) found the SEB model was most sensitive to stomatal resistance (rv) and insensitive to 
vegetation boundary layer resistance (rb) due to its small relative magnitude compared to rv, while 
model instability arose from variations in soil boundary layer resistance (rw) at certain times of the 
day. The main limitation with the sensitivity and uncertainty approach by Friedl (1995, 2002) was 
that reported errors only applied to a limited subset of state space used specifically in those 
simulations and were not readily extrapolated in space and time to all conditions. Furthermore, the 
analysis neglected to investigate sensitivity and uncertainty arising from aerodynamic resistance (ra) 
and soil surface resistance (rss). 
Objectives of this study were to: (1) evaluate sensitivity of a two-layer SEB model to uncertainty in 
all five resistance terms using a Jacobian Matrix; (2) quantify Ts.mod random error given these 
sensitivities through a Taylor’s series approximation of SEB model uncertainty; (3) quantify 
uncertainty in model-data temperature differences given Ts.mod and Ts.obs random and systematic 
errors using a Student’s t-test; and (4) assess the physical conditions under which the LST model-
data differencing approach is able to detect a subsurface water-use signal given noise in both model 
and data. This chapter describes modifications made to the LST model-data differencing approach 
and methods by which model-data error was quantified and removed. Results of sensitivity and 
uncertainty analyses are then presented, along with a discussion of vegetation subsurface water-use 
dynamics in the Condamine River Catchment study area. 
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4.2 Methodology 
4.2.1 Modifications to the LST model-data approach 
Original application of the SEB model in Chapter 3 assumed a fixed sensor view angle of 35°, 
which can introduce Ts.mod errors of approximately ±2 K depending on: (1) the magnitude of over- 
or underestimation of sensor view angle, (2) leaf area index (LAI) and (3) the difference between 
soil and canopy surface temperature. In this study, sensor view angle was obtained directly from 
Terra-MODIS, thus eliminating view angle as a potential source of error. All other SEB model 
input datasets were obtained and processed as described in Section 2.2, Chapter 3 and Appendix B.  
 
4.2.2 Sensitivity and uncertainty analysis 
The potential-resistance network for the SEB model includes five resistance terms: aerodynamic 
resistance (ra; s m
-1) or resistance to heat exchange between air in the canopy and air at the 
reference height; vegetation boundary layer resistance (rb; s m
-1) or resistance to heat exchange 
between the foliage surface and air in the canopy; soil boundary layer resistance (rw; s m
-1) or 
resistance to heat exchange between the soil surface and air in the canopy; stomatal resistance (rv; s 
m-1) or canopy surface resistance to transpiration; and soil surface resistance (rss; s m
-1) or soil 
surface resistance to evaporation.  
A Taylor’s series approximation was used to calculate total weighted error variance of the five 
resistance terms (𝜎𝑟𝑥
2 ) using Equation 4-1 (see Appendix C for specific total weighted error variance 
equations), where 𝜎𝑖
2is the reported error variance of the original parameter (i) obtained from the 
literature and an interpolation in time (see Table 2-2 for input parameter error variance), 𝑆𝑖
𝑟𝑥 is the 
squared partial derivative acquired from a Jacobian matrixvii, otherwise referred to as sensitivity of 
rx to i, where x denotes the five resistance terms. Error variances of each independent variable were 
assumed to be independent of one another (i.e. no error correlation). A Taylor’s series 
approximation was also used to calculate total error variance of Ts.mod (𝜎𝑇𝑠.𝑚𝑜𝑑
2 ) using Equation 4-2 
where 𝑆𝑟𝑥
𝑇𝑠.𝑚𝑜𝑑  is the squared partial sensitivity of Ts.mod to each resistance term, acquired from the 
Jacobian, and 𝑆𝑟𝑥
𝑇𝑠.𝑚𝑜𝑑 ∙ 𝜎𝑟𝑥
2  is referred to as weighted component error variance of resistance term x.  
𝜎𝑟𝑥
2 = ∑ 𝑆𝑖
𝑟𝑥𝜎𝑖
2
𝑛
𝑖=1
 
Equation 4-1 
                                                     
vii The Jacobian contains elements which represent the partial derivative (or sensitivity) of the total errors to the 
component errors in the SEB model.  
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𝜎𝑇𝑠.𝑚𝑜𝑑
2 = ∑ 𝑆𝑟𝑥
𝑇𝑠.𝑚𝑜𝑑𝜎𝑟𝑥
2
𝑛
𝑥=1
 
Equation 4-2 
 
Figure 4-1. Land surface temperature model-data differencing approach framework. Surface energy balance 
(SEB) model input parameters (i) include wind speed (u, m s-1), relative surface soil wetness (θr, -), air 
temperature (Ta, K), vapour pressure (Ea, kPa), shortwave radiation (Sd, W m
-2), normalised difference 
vegetation index (NDVI, -), vegetation height (hc, m) and leaf width (s, m). Resistance terms are: 
aerodynamic resistance (ra), soil and vegetation boundary layer resistance (rw and rb respectively), stomatal 
resistance (rv) and soil surface resistance (rss). Reported error variance for input parameters (𝜎𝑖
2; see Table 
2-2) and Ts.obs (𝜎𝑇𝑠.𝑚𝑜𝑑
2 ) were obtained from literature. Sensitivity of: (1) each resistance term to its 
independent variables (𝑆𝑖
𝑟𝑥), and (2) Ts.mod to the resistance terms (𝑆𝑟𝑥
𝑇𝑠.𝑚𝑜𝑑), were obtained using the 
Jacobian method, where x denotes the resistance term of interest. Reported error variance (𝜎𝑖
2) was 
multiplied by the corresponding sensitivity value (𝑆𝑖
𝑟𝑥) to obtain weighted component error variance, and 
weighted component error variances were summed to obtain total weighted error variance for each 
resistance term (𝜎𝑟𝑥
2 ). These total weighted error variances were subsequently weighted by corresponding 
sensitivity of Ts.mod to rx and summed to obtain Ts.mod total error variance. Subsurface water use by vegetation 
was inferred when Ts.mod - Ts.obs > 5.6 K using a one-tailed Student’s t-test. 
 
Total error variance of Ts.obs was not quantified in this study. Instead, 𝜎𝑇𝑠.𝑜𝑏𝑠 values were obtained 
from the literature. Studies varied in estimation of 𝜎𝑇𝑠.𝑜𝑏𝑠 therefore, three different 𝜎𝑇𝑠.𝑜𝑏𝑠values 
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were used: 1 K (standard error of MODIS LST reported by Wan (2008) and Wan and Li (2008)), 
1.75 K (upper estimate of LST standard error from split-window algorithms; Barrett and Renzullo 
(2009)), and 3.4 K (largest reported Terra-MODIS LST standard error; Wan and Li (2008)). 
A one-tailed Student’s t-test (Equation 4-3) was used to determine whether Ts.mod and Ts.obs were 
significantly different given their respective error variances, and therefore subsurface water use by 
vegetation (sswuse) could be inferred. Systematic model-data error or bias (B), estimated as 5.6 K in 
Section 3.3.1 was also accounted for in Equation 4-3. Considering a 95% confidence interval and 
assuming infinite degrees of freedom -  appropriate given the 3 years of daily time-series data used 
in this study and the lack of autocorrelation evident in ΔTs - the T-critical (T`) value was 1.645. 
Thus, where T>1.645, the null hypothesis was rejected and sswuse inferred. 
𝑇 =
𝑇𝑠.𝑚𝑜𝑑 − 𝑇𝑠.𝑜𝑏𝑠 − 𝐵
√𝜎𝑇𝑠.𝑚𝑜𝑑
2 + 𝜎𝑇𝑠.𝑜𝑏𝑠
2
 
Equation 4-3 
Using daily in situ climate and vegetation data (see Section 2.2), sensitivity and uncertainty was 
computed for each model grid cell across the study area and for each day over the period of 
investigation (06/03/2000–01/06/2003). All modelling was done using the R statistical computing 
and graphics language and environment. The numDeriv R package (Gilbert and Varadhan, 2015) 
was run on a computer cluster to calculate Jacobian matrices. Days when cloud cover affected the 
entire study area were excluded from the analysis, reducing the number of usable days from 1183 to 
713 (listed in Appendix D). Of these 713 days, results were presented for four (07/05/2000, 
03/04/2001, 04/07/2001 and 12/12/2002) chosen as representative of the extremes of environmental 
conditions, in particular limits of wind speed and soil water content. Results thus illustrate variation 
in sensitivity (Figure 4-2 and Figure 4-3), weighted error variance (Figure 4-4 and Figure 4-5) and 
Ts.mod standard error (Figure 4-6) in relation to these boundary conditions. 
 
4.3 Results and discussion 
4.3.1 Characterising model error 
This section illustrates the influence of resistance terms (ra, rb, rw, rv and rss) on Ts.mod uncertainty 
and introduction of error to Ts.mod as a consequence of prevailing climatic conditions and vegetation 
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characteristics, in particular LAI, relative surface soil wetness (θr)viii, vegetation height (hc) and 
wind speed (u).  
 
Sensitivity 
Table 4-1 shows the wind speed (u; m s-1), air temperature (Ta; K), vapour pressure deficit (vpd; 
kPa), relative surface soil wetness (θr) and shortwave radiation (Sd; W m-2) for all four exemplar 
dates. Figure 4-2 shows Ts.mod sensitivity to each resistance term for all study area grid cells on 
07/05/2000 (a), 03/04/2001 (b), 04/07/2001 (c) and 12/12/2002 (d). Of the four days, conditions on 
the 04/07/2001 were the stillest, coolest and driest (Table 4-1). Strongest winds and highest vapour 
pressure were observed on 03/04/2001 (m s-1 and 1.47–1.60 kPa respectively) while wettest and 
hottest conditions were observed on 12/12/2002). Figure 4-2 indicates Ts.mod was more sensitive to 
soil boundary layer resistance (rw) than the other resistance terms under most conditions. Very high 
𝑆𝑟𝑤
𝑇𝑠.𝑚𝑜𝑑  values were observed where vegetation height was low although, 𝑆𝑟𝑤
𝑇𝑠.𝑚𝑜𝑑  was moderated by 
u. This relationship is illustrated by relatively low 𝑆𝑟𝑤
𝑇𝑠.𝑚𝑜𝑑  on 03/04/2001 when u was high (Figure 
4-2b and Table 4-1) compared to 12/12/2002 when u was considerably lower (0.69–0.76 m s-1; 
Figure 4-2d). The relationship between 𝑆ℎ𝑐
𝑟𝑤 and low hc is also illustrated in Figure 4-3a where 𝑆ℎ𝑐
𝑟𝑤 
values became insignificant at hc>2 m. Due to the dependency of Ts.mod on rw and because canopy 
influence on Ts.mod approaches zero with hc, error in Ts.mod becomes highly sensitive to rw at low hc. 
Under these conditions, there is a departure from the assumptions of the model (i.e. homogenous 
and continuous cover; Friedl, 1995; Jarvis and McNaughton, 1986; Kalma et al., 2008) and 
consequently a rapid increase in model error such that the estimate of Ts.mod is not distinguishable 
from Ts.obs. Consequently, conditions where hc<=0.5 m were excluded from further analysis. 
Of the four remaining resistance terms, sensitivity was ordered such that: 𝑆𝑟𝑎
𝑇𝑠.𝑚𝑜𝑑> 𝑆𝑟𝑏
𝑇𝑠.𝑚𝑜𝑑>𝑆𝑟𝑣
𝑇𝑠.𝑚𝑜𝑑  
and 𝑆𝑟𝑠𝑠
𝑇𝑠.𝑚𝑜𝑑  (Figure 4-2). Given that rw, ra and rb share a common sensitivity to wind speed, while rv 
and rss share a common sensitivity to soil wetness, results in Figure 4-2 suggest Ts.mod was most 
sensitive to low wind speed, particularly u<1.5 m s-1. In contrast, sensitivity studies by Friedl (1995, 
2002) found the SEB model was most sensitive to rv, in particular as a function of LAI and soil 
moisture. However, neither study by Friedl assessed SEB model sensitivity to ra nor did they 
explicitly test sensitivities of rw and rb under low wind speed conditions. Consistent with the results 
reported by Friedl (2002), rv was sensitive to both LAI and θr, with low LAI resulting in high 𝑆𝐿𝐴𝐼
𝑟𝑣 , 
                                                     
viii Relative surface soil wetness is inclusive of both the top layer soil stores (SMC0) and shallow root-zone soil stores 
(SMCs). 
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further increased when combined with low θr (Figure 4-3d). Ecosystems with access to additional 
water resources are expected to exhibit higher LAI, with LAI equilibrating to maximise plant-
available water resources (i.e. ecological optimality; O’Grady et al., 2011). Thus vegetation with 
access to subsurface water are unlikely to exhibit LAI of less than 0.5 m2 m-2.  
Low u (<1.5 m s-1) also resulted in high 𝑆𝑢
𝑟𝑤
, 𝑆𝑢
𝑟𝑎 and 𝑆𝑢
𝑟𝑏 (Figure 4-3b) due to high boundary layer 
resistance limiting heat exchange. Sensitivity of rb to u was further influenced by low LAI (Figure 
4-3b) as it reduces canopy-atmosphere heat transfer (Shuttleworth and Gurney, 1990). Calculated rss 
sensitivity was low only when the top soil layer was saturated, with small reductions in relative soil 
wetness resulting in a rapid increase in the sensitivity of rss (not shown). 
 
Table 4-1. Meteorological characteristics for exemplar dates. Ranges represent spatial variation in the 
specified parameter across the study area.  
Date Wind speed 
(m s-1) 
Air 
temperature 
(K) 
Vapour 
pressure 
deficit (kPa) 
Relative 
wetness 
Shortwave 
radiation (W 
m-2) 
07/05/2000 1.32–1.39 287–288 0.32–0.43 0.05–0.10 337–440 
03/04/2001 2.51–2.96 293–294 0.79–0.92 0.05–0.15 482–639 
04/07/2001 0.69–0.76 282–283 0.24–0.33 <0.01 429–588 
12/12/2002 1.51–1.57 295–296 1.521.65 0.18–0.78 819–922 
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Figure 4-2. Sensitivity of modelled land surface temperature (Ts.mod) to resistance terms: aerodynamic 
resistance (𝑆𝑟𝑎
𝑇𝑠.𝑚𝑜𝑑), vegetation boundary layer resistance (𝑆𝑟𝑏
𝑇𝑠.𝑚𝑜𝑑), soil surface resistance (𝑆𝑟𝑠𝑠
𝑇𝑠.𝑚𝑜𝑑), 
stomatal resistance (𝑆𝑟𝑣
𝑇𝑠.𝑚𝑜𝑑) and soil boundary layer resistance (𝑆𝑟𝑤
𝑇𝑠.𝑚𝑜𝑑) for (a) 07/05/2000, (b) 
03/04/2001, (c) 04/07/2001, (d) 12/12/2002. Table 4-1 shows the different climatic conditions observed on 
these dates. Ranges represent spatial variation across the study area. 
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Figure 4-3. Sensitivity analysis showing the relationship between resistance terms and input parameters: (a) 
vegetation height (hc) and sensitivity of soil boundary layer resistance (rw) to hc (𝑆ℎ𝑐
𝑟𝑤); (b) wind speed (u) 
and sensitivity of aerodynamic resistance (ra) to u (𝑆𝑢
𝑟𝑎; circles), sensitivity of rw to u (𝑆𝑢
𝑟𝑤 ; inverted triangles) 
and sensitivity of vegetation boundary layer resistance (rb) to u (𝑆𝑢
𝑟𝑏; squares); (c) leaf area index (LAI) and 
sensitivity of rb to LAI (𝑆𝐿𝐴𝐼
𝑟𝑏 ); and (d) LAI and sensitivity of stomatal resistance (rv) and LAI ( 𝑆𝐿𝐴𝐼
𝑟𝑣 ) given 
different relative surface soil wetness (θr) ranges. Data ranges are limited in the x- and y-axis in (b) and the 
y-axis in (a–d). Values for hc, u, and LAI were randomly generated (n=1000, hc range: 0.01–15 m; u range: 
0.5–3.0 m s-1, LAI range: 0.002–3.0 m2 m-2) while Ta, Ea and Sd values were prescribed (300 K, 1.6 kPa, 750 
W m-2) and leaf width was assigned values based on hc.  
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Error 
Model-data errors contribute to the fidelity of the LST model-data differencing approach to 
delineate sswuse. Introduction of random error from all five resistance terms to Ts.mod was greatest 
when both θr and u were low (Figure 4-4c). Of the five resistance terms, rv contributed greatest 
error variance to Ts.mod (Figure 4-4) due to the influence of low θr. Figure 4-4 shows a reduction in 
maximum rv standard error with increasing θr from very dry conditions (<0.01 θr) observed on 
04/07/2001 (Figure 4-4c) to wet conditions (up to 0.72 θr) observed on 12/12/2002 (Figure 4-4d). 
Even under wet conditions, rv error variance remained greater than for remaining resistance terms 
and retained a wide spread of values (Figure 4-4d). The positive skew in these data are attributed to 
low LAI values (<=0.5 m2 m-2). Error variance values for rss were also quite high, although 
decreased under wetter conditions (Figure 4-4d). When error variance was weighted by sensitivity, 
ra and rv contributed the greatest error to Ts.mod across the range of conditions (Figure 4-5). 
Comparing modal values of density distributions between days, ra weighted error variance was 
highest in 04/07/2001 (Figure 4-5c) when u was very low and lowest in 03/04/2001 (Figure 4-5b) 
when u was highest.  
Excluding data where LAI<=0.5 m2 m-2 (i.e. bare soil, standing water and some grasses), Ts.mod 
standard error (𝜎𝑇𝑠.𝑚𝑜𝑑) for the four days in question ranged from 1.4–10 K (Figure 4-6). Standard 
error of Ts.mod decreased with increasing LAI, although there was a paucity of data at LAI>2 m
2 m-2 
in the four days shown in Figure 4-6 and throughout the entire time series (representing less than 
1% of data). Highest 𝜎𝑇𝑠.𝑚𝑜𝑑  was observed on 04/07/2001 (Figure 4-6c) when u and θr were very 
low, whereas lowest 𝜎𝑇𝑠.𝑚𝑜𝑑  was observed on 03/04/2001 (Figure 4-6b) when θr was low (0.05–0.15 
θr) and u was high (2.52–2.96 m s-1). This suggests that low u is a stronger determinant of high 
𝜎𝑇𝑠.𝑚𝑜𝑑  than θr. Friedl (2002) also found that errors in Ts.mod were greater where surface 
temperatures were high and wind speeds were low. Consequently, where 𝜎𝑇𝑠.𝑚𝑜𝑑  values are high 
(e.g. low u), temperature differences arising from subsurface water use must be sufficiently large 
for the subsurface water-use signal to be discernible from noise generated by model and data 
uncertainty. Small magnitude subsurface water use under low u (and/or low θr) conditions may not 
be detectable from error, potentially resulting in errors of omission (i.e. underestimation of sswuse 
frequency). Errors of omission are more likely to occur when u is low compared to when θr is low, 
as 𝜎𝑇𝑠.𝑚𝑜𝑑  is influenced more by u than θr. Furthermore, the subsurface water-use signal is expected 
to be relatively large for vegetation under dry conditions such that the signal is more readily 
discernible from noise arising from θr uncertainty. Given the longer time-scales over which 
variations in sswuse occur, gap-filling methods (e.g. Moffat et al., 2007) could be used to extrapolate 
across calm days, although this was not done in this research.  Using this particular SEB model and 
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its attendant assumptions, detectability of sswuse is thus limited for vegetation with LAI ≤0.5 m2 m-2 
and heights of ≤0.5, and when wind speeds are ≤ 1.0 m s-1. These identified detectability limits are 
equally applicable elsewhere and may be improved by physical models that resolve more canopy 
micrometeorological processes at fine spatial scales. 
 
 
Figure 4-4. Distribution of total weighted error variances for five resistance terms on: (a) 07/05/2000, (b) 
03/04/2001, (c) 04/07/2001 and (d) 12/12/2002.  
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 Figure 4-5. Density distribution of weighted component error variance of Ts.mod for four dates: (a) 
07/05/2000, (b) 03/04/2001, (c) 04/07/2001 and (d) 12/12/2002.  
  
 
61 
 
 
Figure 4-6. Standard error of modelled land surface temperature (σTs.mod) excluding LAI ≤ 0.5 m
2 m-2 for 
four dates: (a) 07/05/2000, (b) 03/04/2001, (c) 04/07/2001 and (d) 12/12/2002. Wind speed (u): b>d>a>c; 
relative surface soil wetness (θr): d>a>b>c. 
 
4.3.2 Dynamics of subsurface water use in the study area  
Figure 4-7a-c shows the frequency of sswuse for prescribed 𝜎𝑇𝑠.𝑜𝑏𝑠values (1 K, 1.75 K and 3.4 K 
respectively), while Figure 4-7d shows the difference in sswuse frequency arising from 𝜎𝑇𝑠.𝑜𝑏𝑠=3.4 K 
compared to 𝜎𝑇𝑠.𝑜𝑏𝑠=1 K. While not considered in this study, the timing and frequency of sswuse is 
expected to vary seasonally. Hill slope woodland vegetation were found to have used subsurface 
water for as much as 31–39% of days, or between 160 and 170 days over the period of investigation 
(06/03/2000–01/06/2003; Figure 4-7) depending on assigned 𝜎𝑇𝑠.𝑜𝑏𝑠 . Section 3.3.2 also showed a 
similar spatial pattern of frequency of sswuse, to Figure 4-7, although sswuse frequencies in Figure 
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3-4a were consistently higher across the study area than shown in Figure 4-7. Neither Figure 3-4a 
nor Figure 4-7 identified riparian-zone vegetation as using subsurface water. Section 3.3.2 
postulated on possible reasons for this, one being that the 1-km spatial resolution of the LST model-
data differencing approach was too coarse to detect the narrow linear riparian vegetation. Greatest 
differences between Figure 4-7 and Figure 3-4a were observed for alluvial floodplain grasses and 
edges of hill slope woodland communities where cells were a mix of trees and grasses. In this study, 
these areas were largely excluded from analysis by virtue of low hc (<=0.5 m) and associated high 
𝜎𝑇𝑠.𝑚𝑜𝑑 . Remaining grasses on the alluvial floodplain shown in Figure 4-7 may have utilised 
irrigation water not considered in the SEB model.  
The results presented in this study are a more accurate estimate of sswuse than those presented by 
Section 3.3.2 as Ts.mod random error was quantified using a Taylor’s series approximation of model 
uncertainty, and random errors in both Ts.mod and Ts.obs were explicitly accounted for through the use 
of a Student’s t-test. The t-test approach more accurately accounted for spatial and temporal varying 
model-data errors than a simple threshold approach, with: suspected errors of commission (i.e. 
sswuse incorrectly inferred as a consequence of erroneously high Ts.mod and/or low Ts.obs values) 
reduced. Furthermore, exclusion of hc<=0.5 m accounts for remaining overestimated Ts.mod arising 
from extreme Ts.mod error variance. 
Although fixed 𝜎𝑇𝑠.𝑜𝑏𝑠values were used in this study, Ts.obs random error likely varied in space and 
time as a consequence of: (1) increased uncertainty in emissivity, particularly for bare soils (Wan 
and Li, 2008), (2) sun shadow (Wan and Dozier, 1996), and (3) residual cloud contamination (Wan, 
2008; Wan and Li, 2008). Underestimating 𝜎𝑇𝑠.𝑜𝑏𝑠may lead to errors of commission as illustrated in 
Figure 4-7d where an increase in 𝜎𝑇𝑠.𝑜𝑏𝑠 (1– 3.4 K) reduced the frequency of sswuse across much of 
the study area. These issues highlight the need to minimise errors in Ts.obs (i.e. MODIS LST). 
However, conditions leading to errors of commission and omission only affect a small proportion of 
the period of investigation, with the proportion of repeated observations, observed in the time-
series, providing a measure of confidence in detected sswuse. 
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Figure 4-7. Frequency of subsurface water use by vegetation (as a percentage of total days) calculated 
where 𝜎𝑇𝑠.𝑜𝑏𝑠= 1 K (a) 1 K; 1.75 K (b) and 3.4 K (c). (d) is the difference between (a) and (c). Underlay 
image is a Landsat TM 5 natural colour composite (bands 3, 2, 1) for 28 July, 2003. 
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4.4 Conclusions 
The ability of the surface energy balance model to estimate land surface temperature was assessed 
through a systematic sensitivity and uncertainty analysis under specific conditions observed in the 
study area. Analysis found Ts.mod was most sensitive to soil boundary layer resistance (rw) where 
vegetation height (hc) was equal to or less than 0.5 m, and more sensitive to resistance to heat 
exchange (i.e. ra, rb) than to water vapour exchange (i.e. rss, rv). Results also indicated the SEB 
model provided highly uncertain estimates of Ts.mod where hc was equal to or less than 0.5 m and 
leaf area index (LAI) was equal to or less than 0.5 m2 m-2. However, as described by ecological 
optimality theory (Eagleson, 1978; 1982), woody vegetation dependent on subsurface water is not 
expected to exhibit such physical characteristics. After excluding low LAI (<=0.5 m2 m-2) and low 
hc (<=0.5 m), Ts.mod errors ranged from 1.4–10 K, with greatest error introduced where wind speed 
was equal to or less than 1.5 m s-1. Use of a Student’s t-test in the LST model-data differencing 
approach enabled Ts.mod and Ts.obs random errors to be considered and systematic model-data error 
removed. Furthermore, the t-test approach detected subsurface water use within a defined 
confidence interval, thus improved the accuracy and reliability of detected subsurface water use. 
Thus the LST model-data differencing approach is able to reliably detect, within defined confidence 
intervals, subsurface water use in vegetation with LAI greater than 0.5 m2 m-2 and heights of more 
than 0.5 m, and when wind speeds exceed 1.5 m s-1.  
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Chapter 5. Subsurface water-use strategies and 
physiological responses of subtropical eucalypt 
woodland vegetation under changing water-
availability conditions  
 
Chapter 4 demonstrated a considerable improvement in the accuracy of the LST model-data 
differencing approach through quantification of random error in space and time and removal of 
systematic model-data error. However, a remaining limitation of the approach pertains to the 
assumption under which LST model-data systematic error was estimated. Namely, Chapter 3 
estimated model-data systematic error based on temperature differences for a grassland subsample 
under very dry conditions (≤0.1% relative surface soil wetness), assuming that grasses would not 
have access to subsurface water and therefore modelled and observed LST would be approximately 
equal. Chapter 5 revisits this assumption, revises the estimate of model-data systematic error, and 
further increases the fidelity of the LST model-data differencing approach to detect sswuse. Random 
error in Ts.mod, quantified in Chapter 4, was also used to identify periods when detectability of the 
subsurface water-use signal was reduced, and errors of omission (or underestimation) of sswuse 
frequency may have consequently occurred. Improvements to the LST model-data differencing 
approach were a necessary component in addressing Research Aim 2: identification of 
physiological responses and subsurface water-use strategies of woodland vegetation in the study 
area under different climatic and water-deficit conditions. This aim was achieved through inter- and 
intra-annual time-series analysis of Ts.mod and Ts.obs, frequency of sswuse (within 95% confidence 
intervals), climate variables, and vegetation physiological characteristics in the context of 
alternating wet and dry periods. 
Time-series analysis revealed that availability of shallow soil water was an important determinant 
of vegetation shallow soil and subsurface water-use strategies and physiological response, in 
particular leaf area, at both intra- and inter-annual scale. At the intra-annual temporal scale, 
vegetation compensated for decreasing shallow soil water and/or increasing evaporative demand by 
increasing frequency of subsurface water use. With the onset of the wet season (October–
December) woodland vegetation utilised shallow soil water and thus reduced reliance on subsurface 
water. At the inter-annual scale, the vegetation increased its frequency of sswuse and decreased its 
leaf area in response to prolonged dry conditions. During two wet ‘recovery’ years (2007 and 
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2010), the vegetation was less reliant on subsurface water and re-invested in leaf growth. While leaf 
abscission (as indicated by reduction in NDVI-derived LAI) was greater after prolonged dry 
conditions, the rate of leaf growth was the same during both ‘recovery’ years despite differences in 
initial LAI, and amount and frequency of rainfall during respective wet years. This suggests 
woodland vegetation in the study area exhibited a consistent ‘recovery’ response with increased 
rainfall while ‘decline’ responses were more dependent on duration of dry conditions.  
Following examination of this thesis, material from this chapter will be submitted to Agricultural 
and Forest Meteorology. 
 
5.1 Introduction 
Vegetation employ a range of water-stress avoidance mechanisms to maintain function and 
minimise water loss under water-deficit conditions including stomatal regulation over the short-
term and decreased leaf area over the long-term (Carter and White; 2009; Chaves et al., 2003; 
Groom et al., 2001; Rood and Heinze-Milne, 1989; Smith et al., 1991; Whitehead and Beadle, 
2004). Root depth distribution, morphology and functional plasticity in water uptake as a function 
of depth also enables vegetation to maintain the rate of water uptake under dry conditions by 
accessing water resources at increasing depths (Nippert and Holdo, 2015). Eucalyptus species 
across a range of climatic regions in Australia develop dimorphic root systems (i.e. lateral and deep 
tap roots; (Canadell et al., 1996; Dawson and Pate, 1996; Sun and Dickinson, 1995) and have been 
found to supplement their declining shallow soil water resources with deeper subsurface water 
reserves during dry seasons or periods (e.g. Dawson and Pate, 1996; Farrington et al., 1996; 
O’Grady et al., 2006a, 2006b). Subtropical savanna studies have also found that, as shallow soil 
water resources declined, trees used proportionally more deeper soil water and groundwater 
resources as the proportion of roots in the shallow soil layer with access to soil water reduces 
(Kulmatiski et al., 2010; Kulmatiski and Beard, 2013; Nippert and Knapp, 2007).  
Understanding vegetation water-use dynamics and physiological response to changes in water 
availability provide information about ecological water requirements and are thus important from 
environmental and water management perspective (Eamus et al., 2006; Eamus and Froend, 2006). 
The land surface temperature (LST) model-data differencing approach described in Chapter 4 can 
be used to detect subsurface water use by vegetation daily, within 95% confidence intervals, at a 
regional-scale. The LST model-data differencing approach combines independently derived 
modelled and satellite observations of LST to distinguish, at the time of satellite overpass 
(~10:30am), the component of vegetation water use sourced from below 30 cm depth (i.e. 
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subsurface water). The approach also considers uncertainties in both sources of LST when detecting 
subsurface water use within 95% confidence intervals. Thus, the approach is well-suited to 
investigating daily variations in subsurface water use (and by inference shallow soil water use) in 
response to changes in water availability. 
This study aimed to identify physiological response(s) and subsurface water-use strategies 
employed by vegetation in a subtropical mixed woodland/agricultural study area under different 
water-availability conditions through time-series analysis. The LST model-data differencing 
approach described in Chapter 3 and Chapter 4 was used to quantify with 95% confidence, the 
timing and frequency of subsurface water use (i.e. soil water below 30 cm and aquifer groundwater) 
by eucalypt woodland vegetation. The following chapter describes: (1) modifications made to the 
LST model-data differencing approach, (2) methods used to convert daily climate, vegetation and 
LST data into weekly time-series composites, and (3) the basic time-series analysis methods used to 
compare frequency of subsurface water use by vegetation (sswuse) with vegetation physiological 
characteristics (vegetation latent heat loss, stomatal resistance and leaf area index), and climatic 
conditions (rainfall, vapour pressure deficit and soil water availability). It then describes the 
combination of mechanisms (i.e. transient dependence on shallow soil water and subsurface water, 
control on leaf area and stomatal resistance) used by woodland vegetation in the study area in 
response to natural variation in water availability at intra- and inter-annual time-scales.  
 
5.2 Methodology 
This study investigates the relationship between modelled LST (Ts.mod), satellite observations of 
LST (Ts.obs), and subsurface water use by vegetation (sswuse), with vapour pressure deficit (vpd;), 
amount and frequency of rainfall (P and P.freq respectively), shallow soil water (i.e. top 30 cm; 
SMC0s), cumulative residual SMC0s (SMC0s*), deep root-zone soil water (SMCd), leaf area index 
(LAI), long-term trend LAI (LAI*), ‘observed’ vegetation latent heat loss (LEv.obs) and ‘observed’ 
stomatal resistance (rv.obs) (see step 1 of Figure 5-1). Details pertaining to Ts.obs, vpd, P, SMC0s, 
SMCd and LAI datasets can be found in Section 2.2, while methods used to calculate LEv.obs, rv.obs, 
Ts.mod and sswuse, and SMC0s* and LAI* are described in Section 5.2.1 and Section 5.2.6 
respectively. The remainder of this section describes the processing steps used in this study to 
generate and compare weekly time-series datasets (see Figure 5-1 below). 
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Figure 5-1. Processing flow chart describing key data processing and time-series analysis steps used in this 
chapter. Ts.mod = modelled land surface temperature (LST); Ts.obs = satellite observations of LST; ΔTs = 
temperature difference between Ts.mod and Ts.obs; sswuse = subsurface water use by vegetation; P = rainfall; 
P.freq = frequency of rainfall; Ta = air temperature; Ea = vapour pressure, vpd = vapour pressure deficit; 
SMC0, SMCs, SMCd = top, shallow root-zone and deep-root zone soil water respectively; SMC0s = shallow 
soil water (SMC0 + SMCs); SMC0s* = cumulative residual SMC0s; LAI = leaf area index; LAI* = long-term 
trend LAI; LEv.obs = ‘observed’ vegetation latent heat loss; rv.obs = ‘observed’ stomatal resistance.  
 
5.2.1 Modification to LST model-data difference approach 
The two-layer SEB model described in Chapter 3 and Appendix B was used to calculate Ts.mod with 
three changes: (1) inclusion of satellite-derived sensor view angle as described in Section 4.2.1; (2) 
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correction of p3 stomatal resistance model (see Cox et al., 1998); and (3) replacement of the original 
shortwave radiation (Sd; W m
-2) input dataset (see Section 2.2.2).  
Previous applications of the LST model-data differencing approach described in Chapter 3 and 
Chapter 4 used p3 = 0.4 (instead of 0.04) in Equation 5-1. This resulted in a progressive 
overestimation of stomatal resistance (rv) with increasing vapour pressure deficit (vpd) until vpd = 
2.5 kPa, at which point rv values became negative. This introduced up to 25 K error to Ts.mod (mean: 
2.88 K). In this study, the correct p3 value (0.04) was used, thus eliminating the scaling function for 
vapour pressure deficit (fvpd) as a source of error.   
𝑓𝑣𝑝𝑑 = 1 − 𝑝3𝑣𝑝𝑑 
Equation 5-1 
Previous applications of the LST model-data differencing approach in Chapter 3 and Chapter 4 used 
shortwave radiation data derived from satellite imagery processed for the Australian Water 
Availability Project (AWAP) by the Bureau of Meteorology (see Jones et al., 2006) from the 
Geostationary Meteorological Satellite series. Examination of this instantaneous AWAP Sd dataset 
revealed potential underestimation, with near zero shortwave radiation observed on occasion. 
Appendix E describes comparison between AWAP Sd and an independently derived reanalysis Sd 
dataset produced by the Centre for Ocean-Land Atmosphere Studies from the National Centers for 
Environmental Predication (NCEP)/Department of Energy (DOE) Atmospheric Model 
Intercomparison Project-II Reanalysis (Kanamitsu et al., 2002; hereafter referred to as NCEP Sd). 
Results from this analysis revealed systematic underestimation of AWAP Sd in comparison to 
NCEP Sd, potentially arising from residual cloud contamination (Appendix E). Of the two, AWAP 
Sd was considered less reliable as it exhibited unrealistically low values. However, it is important to 
note that neither the AWAP nor NCEP Sd datasets are a measure of true shortwave radiation but 
merely an estimate with associated errors that must be taken into account in the LST model-data 
differencing approach. To retain both the spatial variation in AWAP Sd and remove the bias, NCEP 
Sd data were disaggregated using Equation 5-2 where AWAP Sd.f is fine (250 m) spatial-resolution 
data, AWAP Sd.c is the average AWAP Sd value for the study area, and NCEP Sd.f is disaggregated 
NCEP Sd. 
𝑁𝐶𝐸𝑃 𝑆𝑑.𝑓 =
𝐴𝑊𝐴𝑃 𝑆𝑑.𝑓
𝐴𝑊𝐴𝑃 𝑆𝑑.𝑐
× 𝑁𝐶𝐸𝑃 𝑆𝑑 
Equation 5-2 
Random error in Ts.mod was quantified using the methods described in Section 4.2.2 – parameter 
sensitivities estimated using the Jacobian method, error variances obtained from literature and 
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random error quantified using a Taylor’s series error approximation – and Ts.mod estimates derived 
using NCEP Sd.f as an input to the SEB model. The same random error estimate used for AWAP Sd 
(35 W m-2; see Table 2-2) was applied to NCEP Sd.f, with NCEP Sd reported standard error of ~30 
W m-2 (Betts et al., 2006) plus an assumed interpolation error of approximately 5 W m-2. A value of 
3.4 K was assigned to σTs.obs which represents the highest of the values used in Chapter 4 and is 
therefore a conservative estimate of random error. The assumptions inherent in the previous 
estimate of systematic LST model-data error (see Section 3.3.1) were also revisited, with systematic 
error subsequently re-estimated as described in Section 5.3.1. 
The SEB model was also used to calculate ‘observed’ vegetation latent heat loss (LEv.obs; W m-2) 
and ‘observed’ stomatal resistance (rv.obs; s m-1). As demonstrated in Chapter 3, by inverting the 
SEB model to use satellite observations of LST (Ts.obs) as an input rather than an output of the 
model, calculated latent heat fluxes similarly represent ‘observed’ conditions. Furthermore, using 
Ts.obs as a model input enables the SEB model to solve for an additional parameter (see Friedl, 
2002), in this case stomatal resistance (rv), which also represents ‘observed’ stomatal resistance. It 
should be noted direct measurements of physiological characteristics (e.g. from leaf gas exchange 
or sapflow) in the field represent truly observed values. These two parameters provided information 
about observed (rather than modelled) vegetation physiological characteristics spatially and 
temporally.  
 
5.2.2 Spatial aggregation/resampling 
All input data (step 1 in Figure 5-1) were subset spatially to the study area, temporally to the period 
of investigation (02/02/2000–22/09/2012) and then aggregated or resampled to the same 1-km 
spatial resolution as Ts.obs (step 2 in Figure 5-1). Modelled LST, LEv.obs, rv.obs, disaggregated NCEP 
Sd and LAI data were averaged to 1-km spatial resolution while all 5-km spatial resolution data (vpd, 
SMC, P) were resampled to 1 km.  
 
5.2.3 Removing cloud and vegetation characteristic effects  
Residual cloud contamination 
Wan (2008) and Wan and Li (2008) identified potential for residual cloud contamination in the 
Terra-MODIS LST product. Presence of residual clouds results in underestimation of Ts.obs and 
overestimation of the temperature difference between Ts.mod and Ts.obs (ΔTs). Following a similar 
approach described by Kennedy et al. (2010), Ts.obs was screened to remove large isolated troughs in 
Ts.obs arising from clouds (step 3a in Figure 5-1). Both Ts.obs and atmospheric air temperature (Ta) 
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were considered to ensure cool days were not mistaken for cloud contamination. Potential cloud 
contamination was firstly flagged where Ts.obs values were at least 5 K greater immediately before 
and after the value in question. If Ta remained constant during the period (i.e. <2 K change), cloud 
contamination was inferred, and the cloud-affected Ts.obs value was removed from the time-series. 
Due to gaps in Ts.obs data, de-spiking was only applied when the above criteria were met, and 
‘before’ and ‘after’ values were within one week of the potentially cloud-affected value. 
 
Vegetation characteristics 
Section 4.3.1 found considerable random error was introduced to Ts.mod where LAI and vegetation 
canopy heights were low (≤ 0.5 m2 m-2 and ≤ 0.5 m respectively) such that the LST model-data 
differencing approach was unreliable in detecting subsurface water use. Consequently, Ts.mod values 
were removed where these conditions were met (step 3c in Figure 5-1). This process resulted in 
systematic removal of Ts.mod values for the majority of grassland vegetation due to height and 
removal of occasional Ts.mod values for woodland vegetation due to LAI characteristics.  
 
5.2.4 Statistically significant temperature differences  
Temperature differences (∆Ts) between Ts.mod and Ts.obs were calculated for all remaining dates and 
remaining grid cells in the study area (step 4a in Figure 5-1). Systematic model-data error or bias 
(B) can be defined as the difference between Ts.mod and Ts.obs minus that which arises as a 
consequence of sswuse. Bias was calculated as the mean ∆Ts observed for a subset of representative 
grassland grid cells in the study area (see Figure 2-7 for grid locations) under very wet conditions 
(≥90% relative surface soil wetness; step 4b in Figure 5-1). Previous applications of the LST model-
data differencing approach in Chapter 3 and Chapter 4 quantified B based on grassland ∆Ts values 
under dry conditions. However, rooting depths of common perennial and annual grasses in the study 
area (~1.6 m; Evans, 1978; Murphy et al., 2010; Stone et al., 2001) suggest these vegetation 
communities had the capacity to access subsurface water not accounted for in the model (i.e. below 
30 cm depth). As such, grassland ∆Ts values under dry conditions may have included a subsurface 
water-use signal in addition to B, making these conditions less suitable for quantifying B.  
A two-tailed Student’s t-test (see Section 4.2) was used to test the following null (H0) and 
alternative (Ha) hypotheses (step 4c in Figure 5-1): 
H0: ∆Ts = B; Ha: ∆Ts ≠ B 
Confidence levels were set at 95%, 99% and 99.9%. For the purposes of temporal aggregation 
(Section 5.2.5) and time-series analysis (Section 5.2.6), sswuse was inferred where ∆Ts was 
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(positively) statistically significant from bias within 95% confidence intervals (step 4c in Figure 
5-1). As such, sswuse results are conditional on the assumption that grasslands were not using 
subsurface water (i.e. below 30 cm) during wettest conditions. Daily LEv.obs, rv.obs and σTs.mod data 
were also classified with respect to detected and non-detected subsurface water use (step 4d in 
Figure 5-1); classification filtering was not applied to any other datasets.  
 
5.2.5 Temporal aggregation 
Daily time-series datasets (sswuse, vpd, SMC0s, SMCd, P, P.freq, LAI, LEv.obs, and rv.obs) were 
temporally aggregated to weekly composites (step 5 in Figure 5-1). Mean temporal aggregation was 
used for vpd, SMC0s, SMCd, LAI, LEv.obs, and rv.obs providing an average weekly measurement while 
P, P.freq and sswuse were summed to give total weekly rainfall (mm), frequency of rainfall and 
frequency of subsurface water use per week respectively.  
 
5.2.6 Time-series analysis 
Decompose long-term trends  
Weekly LAI time-series data were decomposed into long-term trend, seasonal, and remainder (i.e. 
noise) components using the Classical Seasonal Decomposition by Moving Averages R package 
(decompose; Kendall and Stuart, 1968; step 6a in Figure 5-1) to distinguish the response of 
ephemeral ground cover (i.e. seasonal component) from perennial overstorey (i.e. long-term trend 
component; LAI*). Roderick et al. (1999) similarly used the trend component as indicative of 
evergreen cover. Weekly SMC0s time-series data were converted to cumulative residual SMC0s 
(SMC0s*) which represents the running departure of SMC0s from the mean as a function of time. 
Cumulative residual curves are well-suited to revealing long-term trends in wet and dry conditions 
(e.g. Elwany et al., 1998; Emelyanova et al., 2013).  
Long-term trend LAI (LAI*) and SMC0s* data were averaged spatially over aggregated 5 km × 5 km 
grid areas. This spatial extent was chosen as it corresponds with the original spatial resolution and 
extent of climate input data (see Section 2.2.2). 
Cross correlation and lag time calculations 
Cross correlation was used to describe the relationship between time-series of independent and 
dependent variables including lag times (step 6b in Figure 5-1).  
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Annual average time-series analysis 
Weekly sswuse, vpd, SMC0s, SMCd, LEv.obs, rv.obs, P and P.freq time-series data were converted to 
week-of-year (WOY; 1–52) producing up to 13 values per WOY over the whole period of 
investigation. Values were then averaged (or summed in the case of sswuse, P and P.freq) for each 
WOY producing annual average (or total) weekly time-series (step 6c in Figure 5-1). Annual 
average (or total) weekly time-series were also averaged spatially over aggregated 5 km × 5 km grid 
areas. Finally annual average (or total) weekly time-series datasets were compared temporally to 
identify processes driving subsurface water use (step 6d in Figure 5-1). 
 
5.3 Results and discussion 
5.3.1 LST model-data bias 
Land surface temperature model-data systematic error or bias was estimated from grasses under 
very wet conditions. Savanna studies demonstrate that despite quite different root depth 
distributions, both grasses and trees use proportionally more shallow soil water under very wet 
conditions (Kulmatiski et al., 2010; Kulmatiski and Beard, 2013; Nippert and Knapp, 2007). This is 
likely related to the high proportion of root biomass concentrated at shallow depths. Thus under 
such conditions, Ts.mod is expected to approximately equal Ts.obs for grasses while Ts.mod→Ts.obs for 
woodland trees, with observed temperature differences (ΔTs) in the former representing bias (B). 
Figure 5-2 shows annual average weekly ΔTs for a subset of representative grassland (n=756) and 
woodland (n=1012) grid cells across the study area (see Figure 2-7 for grid locations). Temperature 
differences for the grassland subset increased during the dry season (i.e. April–September; Figure 
5-2), suggesting that grasses were accessing water from the subsurface between 30 cm and 
maximum rooting depth (~1.6 m; Evans, 1978; Murphy et al., 2010; Stone et al., 2001) during this 
period. Both woodland and grassland vegetation exhibited a decline in annual average weekly ΔTs 
during the early wet season (October–December; Figure 5-2) as a likely consequence of 
proportionally greater shallow soil water use at this time. Under very wet conditions (≥90% relative 
surface soil wetness), mean ΔTs values for grassland and woodland grid cells were 0.79 K and 2.10 
K respectively (Figure 5-2). Given that ΔTs for grasses under very wet conditions is assumed to 
represent bias, a value of 0.79 K was assigned to B.  
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Figure 5-2. Average annual weekly temperature differences (ΔTs) between modelled and observed land surface temperature (Ts.mod and Ts.obs respectively) for a 
representative subsample of grassland (n=756) and woodland (n=1012) grid cells. Grassland and woodland mean ΔTs varies under very wet conditions (≥90% 
relative surface soil wetness) are also shown, with grassland mean ΔTs representing LST model-data systematic error or bias. 
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5.3.2 Detecting subsurface water use 
A two-tailed Student’s t-test was used to detect the subsurface water-use signal in ΔTs at increasing 
confidence levels (95%, 99% and 99.9%). Figure 5-3 shows statistically significant ΔTs data for a 
single woodland grid cell (3140; see Figure 2-7 for location); the frequency and timing of which is 
representative of woodland grid cells across the study area. Using the two-tailed Student’s t-test, 
subsurface water use by vegetation was inferred when ΔTs values were positively and negatively 
statistically significant. Based on the hypothesis that subsurface water use by vegetation occurs 
when Ts.mod > Ts.obs, negative statistically significant values represent errors of commission. Positive 
(n= 377) and negative (n = 3) statistically significant ΔTs values (within 95% confidence interval) 
were identified in Figure 5-3. Negative ΔTs values (i.e. Ts.obs>Ts.mod) were predominantly observed 
under wet conditions (i.e. summer months as shown in Figure 5-3). Negative statistically significant 
ΔTs values (i.e. erroneously inferred subsurface water use by vegetation) represent <0.2% of data 
points; that is, within the expected number of random chance occurrences in a dataset of this size 
and so were not considered further in this analysis. Due to the small percentage of negative 
statistically significant data points, the likelihood of errors of commission are very small.  
Errors of omission are more likely and can occur where model-data random errors are large (see 
Section 4.3.1). Figure 5-4 compares annual average weekly Ts.mod standard error (𝜎𝑇𝑠.𝑚𝑜𝑑) and ΔTs 
for days when subsurface water use was detected (sswuse) and when it was not detected (non- 
sswuse). Temperature differences were consistently higher on sswuse days compared to non-sswuse 
days which is consistent with the LST model-data differencing approach in that deviation between 
Ts.mod and Ts.obs was attributed to subsurface water use and a greater deviation is more likely to be 
significantly different. In contrast, model error showed strong seasonality, with higher values 
observed between April and August, and in particular during June (Figure 5-4). This period 
corresponds with low wind speeds (not shown), which Chapter 4 demonstrated increased Ts.mod 
random error. These results indicate that random model errors likely affected the detectability of 
sswuse during the winter months leading to possible errors of omission (i.e. underestimation in the 
frequency of sswuse) during the middle of the year. Temporal patterns in sswuse frequencies for the 
remainder of the year were less affected by omission errors. However, due to data gaps in Ts.mod 
and/or Ts.obs which reduced the number of usable data, reported sswuse frequencies in this study are 
therefore minimum frequencies.  
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Figure 5-3. Temperature difference (between modelled and observed land surface temperature) time-series for a single woodland grid cell (3140), showing non-
statistically significant temperature differences, and statistically significant data at 95%, 99% and 99.9% confidence intervals (CIs). 
  
77 
 
 
Figure 5-4. Annual average weekly time-series showing inter-annual variation in modelled land surface 
temperature (LST) standard error (σTs.mod) and temperature differences between modelled and observed LST 
(∆Ts). Results are for a representative 5 km × 5 km aggregated woodland grid cell. Data represents ∆Ts and 
σTs.mod on days when subsurface water use was detected (sswuse) and on days when subsurface water use was 
not detected (non- sswuse). 
 
Figure 5-5 shows the frequency of detected sswuse (within 95% confidence intervals) across the 
study area. While the time-series extended over a 4617-day period, data gaps in Ts.mod and/or Ts.obs 
reduced the number of usable data pairs to <23 in the grasslands and up to 1887 for woodland grid 
cells. Thus eucalypt woodland vegetation across the study area used subsurface water for up to 28% 
of usable data pairs. Mixed land cover (grass/woodland) and grassland grid cells with LAI > 0.5 m2 
m-2 and vegetation height > 0.5 m were found to have used subsurface water up to 10 days out of a 
possible 23 days (Figure 5-5). Of all hill slope woodland vegetation, communities in the south-
eastern portion of the study area used subsurface water most frequently (400–531 days; Figure 5-5). 
Spatial variation in frequency of sswuse may arise as a consequence of spatial variation in soil 
thickness and type (ASRIS, 2005; Rossel et al., 2014; Wilford et al., 2014); rainfall gradients 
(Reardon-Smith, 2011); and/or topographic position (cf. Figure 2-3 and Figure 5-5). For example, 
vegetation in the south-eastern woodland area (Figure 5-5) is associated with a westward facing 
hillslope (see Figure 2-3 inset). As elevation decreases westward (Figure 2-3 inset) so too does 
frequency of subsurface water use by vegetation; frequency of sswuse is very low on the eastward 
facing slope immediately adjacent to the alluvial floodplain (Figure 5-6). However, the current 
spatial scale of investigation (1 km) is not ideally suited to detailed spatial analysis. Further work is 
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required to understand the processes controlling spatial variability in frequency of sswuse by 
vegetation. 
 
 
Figure 5-5. Frequency of subsurface water use (in days) by vegetation across the study area. The 
representative woodland grid cell 3140 and the 5 km × 5 km aggregated woodland grid cell are also shown. 
Transect A-B is shown in Figure 5-6. 
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Figure 5-6. Changes in frequency of subsurface water use by vegetation with changes in surface elevation 
and slope direction. Profile graphs correspond with transect A-B shown in Figure 5-5.     
 
5.3.3 Subsurface water-use strategies 
Intra-annual trends 
At the intra-annual time scale, woodland vegetation in the study area increasing frequency of sswuse 
to meet shortfalls created by decreasing shallow soil water availability (and therefore frequency of 
use) and/or increasing evaporative demand (Figure 5-7). From October to December shallow soil 
water content increased as a consequence of intense wet-season rainfall events. Given the greater 
abundance of root biomass in the near-surface, the vegetation consequently used a greater 
proportion of shallow soil water, thus reducing frequency of sswuse despite an increase in 
evaporative demand (Figure 5-7).  
Figure 5-7 shows annual average (or total) weekly time-series, highlighting seasonal patterns for a 
representative 5 km × 5 km aggregated woodland grid cell (see Figure 5-5 for location). Each value 
in Figure 5-7 represents the average (or total) for that week-of-year (WOY) over the 13-year period 
of investigation (2000–2012). Figure 5-7a shows annual average weekly vapour pressure deficit 
(vpd; kPa) indicative of evaporative demand; total ecosystem LAI; shallow soil water (SMC0s) and 
deep root-zone soil water (SMCd) which represents the upper component of subsurface water.  
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Figure 5-7. Annual weekly time-series for a representative 5 km × 5 km aggregated woodland grid. (a) Total 
ecosystem leaf area index (LAI), vapour pressure deficit (vpd), shallow soil water (SMC0s), and deep root-
zone soil water (SMCd). Field capacity of the shallow soil (top 30 cm) and the deep root-zone soil layers is 
~63 mm and ~1968 mm respectively. (b) Frequency of subsurface water use (sswuse), Ts.mod standard error 
(σTs.mod) for non-sswuse days, and vegetation latent heat loss (LEv.obs) for sswuse days. (c) Average rainfall (P) 
and frequency of rainy days (P.freq), and stomatal resistance (rv.obs) for sswuse days. Grey shaded buffers in 
(b) and (c) represent standard error of the mean for LEv.obs and rv.obs respectively. Shaded period from 
October–December corresponds with a period of low sswuse frequency. 
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Observed temporal patterns in total ecosystem LAI may be more indicative of greening and 
browning of the understorey component due to the open canopy structure of the woodlands, rather 
than leaf fall from the woody vegetation component. Average weekly long-term trend LAI (i.e. 
perennial component; LAI*) remained constant throughout the year at ~1 m2 m-2 (not shown). 
Variation in SMC0s was driven by the amount and frequency of rainfall (Figure 5-7c), and shallow 
and deep root-zone soil water were statistically correlated, with the 3-week lag between SMCd and 
SMC0s (Table 5-1) representing recharge of deeper soil water. 
Frequency of sswuse ranged from 2–16 days (mean: 8 days) out of a possible 91 days (Figure 5-7b). 
However, cloud cover reduced the number of days for which subsurface water use by vegetation 
could be detected  by 15–77%  Low sswuse frequencies in June/July were coincident with high 
σTs.mod values (Figure 5-8b), largely related to low wind speeds (see Chapter 4). These high Ts.mod 
error values suggest underestimation of sswuse frequency (i.e. errors of omission) occurred during 
June/July. During the remainder of the year σTs.mod values were consistently low, thus observed 
differences in sswuse frequencies better represent actual variation in vegetation reliance on 
subsurface water. Frequency of sswuse was highest (16 days) in August/September before gradually 
declining to low values (2–4 days) in December (Figure 5-7b). 
Frequency of sswuse was most strongly (negatively) correlated with shallow soil water (Table 5-1), 
with high SMC0s corresponding with low sswuse frequency. From January–September, the 
vegetation adjusted frequency of sswuse with increasing and decreased evaporative demand and 
shallow soil water availability. As a consequence of subsurface water use, deep root-zone soil water 
declined (Figure 5-7a), stomatal resistance remained low (Figure 5-7c) and vegetation latent heat 
loss was commensurate with evaporative demand (see correlation coefficient for vpd and LEv.obs; 
Table 5-1). 
With the onset of more frequent rainfall (Figure 5-7c) and increased shallow soil water availability 
in October through to December (Figure 5-7a), frequency of sswuse rapidly decreased (Figure 5-7b), 
presumably proportional to increasing frequency of shallow soil water use. This reduction in 
frequency of sswuse, combined with increasing shallow soil water availability, also resulted in 
recharge to the deep root-zone soil layer in December (Figure 5-7a). Both LEv.obs and rv.obs exhibited 
greatest year-to-year variation between October and December (see standard error of mean values 
in Figure 5-7b and c), reflecting variation in water availability. For example, in dry years (e.g. 2006 
and 2009) when wet-season rainfall was considerably lower than average and/or exhibited late-
onset, vegetation increased stomatal resistance to reduce latent heat loss rather than by increasing 
reliance on already depleted subsurface water resources.  
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It is therefore apparent from these results that when shallow soil water was available, woodland 
vegetation in the study area used this water source likely due to the concentration of root biomass in 
the near surface. As shallow soil water became depleted and vpd increased, the vegetation became 
more reliant on deeper sources of water.  This is consistent with field-based studies (e.g. Dawson 
and Pate, 1996; Farrington et al., 1996; Zencich et al., 2002) which have demonstrated increased 
use of groundwater and/or deeper soil moisture with progressive drying of the soil profile. 
Furthermore, the results presented above suggest that over the short term, water loss by vegetation 
during periods of high evaporative demand was regulated by stomatal activity. This is consistent 
with: (1) the theory of optimal stomatal behaviour (Cowan and Farquhar, 1977) whereby stomata 
act to maximise photosynthesis while minimising water loss via transpiration; and (2) canopy 
conductance-vapour pressure deficit dynamics whereby an increase in vpd results in a curvi-linear 
decrease in canopy conductance for given relative soil water content (see Eamus and Shanahan, 
2002; Leuning, 1995).  
 
Table 5-1. Cross correlation coefficients and lag times for different time-series datasets. All values shown 
are statistically significant (p=0.001). LAI* = long-term trend LAI. SMC0s* = cumulative residual SMC0s. 
w=weeks. LEv.obs represents condition for subsurface water-use days only.
 x y Lag (w) r-value 
LAI* SMC0s* 0  0.53 
SMC0s SMCd -3  0.38 
SMC0s sswuse 0  -0.29 
vpd LEv.obs 0  0.57 
 
Inter-annual trends 
Woodland vegetation in the study area also exhibited different physiological responses and 
subsurface water-use strategies with changing water availability on multi-year time-scales (Figure 
5-8). Vegetation exhibited greater reduction in leaf area in relation to prolonged dry conditions 
(Figure 5-8) when frequency of rainfall was reduced (Table 5-2). In comparison, during wet years, 
the leaf area recovery response by vegetation was more sensitive to the onset of increased water 
availability rather than the volume of water availability. This observed inter-annual variation in LAI, 
coincident with subsurface water use, is contrary to the assumptions inherent in vegetation indices-
based GDV mapping methods (e.g. Barron et al., 2014), where persistence of high leaf area and/or 
vegetation greenness is considered indicative of groundwater dependence. This study shows that at 
this location, a combination of mechanisms – transient use of shallow soil water and subsurface 
water, and control of leaf area and stomatal resistance – were used by woodland vegetation.  
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Figure 5-8 compares weekly frequency of sswuse (for the same aggregated woodland grid cell as 
shown in Figure 5-7), with standard error in Ts.mod (σTs.mod; K) for non-sswuse days; average shallow 
soil water (SMC0s; mm) and cumulative residual shallow soil water (SMC0s*; mm); deep root-zone 
soil water (SMCd; mm); observed vegetation latent heat loss (LEv.obs; W m
-2); total ecosystem leaf 
area index (LAI; m2 m-2); and perennial vegetation long-term trend LAI (i.e. seasonal understorey 
component removed; LAI*; m2 m-2). Cumulative residual SMC0s and LAI* were strongly 
(positively) statistically correlated (Table 5-1).  
Peaks in σTs.mod indicate potential inability of the LST model-data differencing approach to detect 
sswuse at the corresponding time. Coincidence between low sswuse frequency and sustained high 
σTs.mod in 2003 (Figure 5-8a) suggests annual sswuse frequency may have been underestimated due 
to errors of omission. Random errors were also higher in 2011–2012 (Figure 5-8a), which 
corresponded with extensive rainfall (see Figure 2-2). As such, subsequent inter-annual time-series 
analysis focused on contrasting sswuse and physiological responses during two dry or ‘decline’ 
periods in 2004–2006 and 2008–2009, and intervening wet or ‘recovery’ years in 2007 and 2010 
when annual variation in σTs.mod was low and therefore sswuse frequencies were reliable.  
Table 5-2 compares rainfall and atmospheric air temperatures for these dry and wet periods. The D1 
dry period (2004–2006) was a more protracted dry period compared to D2 (2008–2009) and while 
average annual rainfall was slightly higher (13 mm), it had 20% less rainfall days and had higher 
mean and maximum air temperatures (Table 5-2). Wet years also differed, with 2007 hotter and 
drier than 2010 (Table 5-2). Finally, dry years on average exhibited a 34% reduction in annual 
rainfall and 24% reduction in number of rain days compared to wet years (Table 5-2).  
During the D1 (2004–2006) and D2 (2008–2009) dry periods, annual sswuse frequencies were 16% 
and 12% respectively (Figure 5-8a), LAI decreased by 30% and 10% respectively (Figure 5-8d) and 
SMC0s* decreased by 533 mm and 218 mm respectively (Figure 5-8b). Chen et al. (2014) reported 
similar inter-annual variation in Mulga LAI in response to climate variability. Deep root-zone soil 
water also exhibited greater drying down (and therefore use) during the prolonged dry period 
compared to the short-duration dry period (Figure 5-8c). During the 2007 and 2010 ‘recovery’ 
years, annual sswuse frequencies were 9% and 12% respectively (Figure 5-8a), which equates to a 
6% and 2% reduction respectively from previous years (i.e. 2006 and 2009) and an inferred increase 
in frequency of shallow soil water use. It is therefore apparent that the longer duration and lower 
frequency of rainfall observed between 2004 and 2006 (Table 5-2), resulted in greater depletion of 
shallow soil water availability and therefore frequency of use (Figure 5-8b) commensurate with 
increased frequency of sswuse (Figure 5-8a) and also resulted in greater reduction in leaf area, 
regulating water loss despite increasing sswuse frequency. These results are consistent with other 
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studies (e.g. Dessay et al., 2004; Vicente-Serrano et al., 2013) which illustrate that the persistence 
or duration of dry conditions is an important factor contributing to vegetation sensitivity to drought. 
Increased amount and frequency of rainfall and associated increase in shallow soil water during wet 
years (Figure 5-8b) resulted in reduced reliance on subsurface water (Figure 5-8a), increased 
vegetation investment into leaf growth (Figure 5-8d) and recharge to the deep root-zone soil layer 
(Figure 5-8c). 
 
Table 5-2. Rainfall and atmospheric air temperature for dry and wet periods. P = rainfall, P.freq = 
frequency of rainfall; Ta = atmospheric air temperature. Dry periods of interest include 2004–2006 (D1) and 
2008–2009 (D2); wet periods include 2007 (W1) and 2010 (W2). ‘Dry years’ represent summary statistics for 
D1 and D2 and ‘wet years’ are inclusive of W1 and W2. 
 
Duration 
(years) 
Mean Ta 
(K) 
Max Ta 
(K) 
Average 
annual P 
(mm) 
Average annual 
P.freq (days) 
D1 (2004-2006) 3 295.5 307.7 500 90 
D2 (2008-2009) 2 294.8 306.0 487 113 
W1 (2007) 1 295.1 305.4 582 107 
W2 (2010) 1 294.1 304.5 917 156 
Dry years 5 295.2 307.7 494 99 
Wet years 2 294.6 305.4 750 131 
 
Despite preceding dry periods of different severity, and exhibiting different average annual rainfall 
and air temperatures (Table 5-2), leaf area increased by approximately the same amount (0.24 m2 m-
2) for both ‘recovery’ years (Figure 5-8d). This suggests the recovery response of vegetation was 
more sensitive to the onset of increased water availability rather than the volume of water 
availability.  
Finally, seasonal variation in latent heat loss remained relatively constant from year to year (Figure 
5-8c) despite varying wet and dry periods, and variations in water availability, annual sswuse 
frequency and LAI. This demonstrates that physiological responses (namely adjustments to leaf 
area) and (shallow soil and subsurface) water-use strategies employed by the vegetation in the study 
area maintained evapotranspiration at relatively constant rates irrespective of prevailing inter-annual 
conditions. Other studies (e.g. Eamus et al., 2001; Cernusak et al., 2011) have similarly observed 
relatively constant latent heat loss along a rainfall gradient (Cernusak et al., 2011) or during a dry 
season (Eamus et al., 2001). In these studies, constant latent heat loss was attributed to vegetation 
regulating water loss through a reduction in LAI.  
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Figure 5-8. Weekly time-series for a representative 5 km × 5 km aggregated woodland grid cell: (a) frequency of subsurface water use by vegetation (sswuse) and 
Ts.mod standard error (σTs.mod); (b) shallow soil water (SMC0s) and cumulative residual SMC0s (SMC0s*); (c) deep zoot-zone soil water (SMCd) and vegetation latent 
heat loss (LEv.obs); and (d) leaf area index (LAI) and long-term trend LAI (LAI*). Two dry (D1 and D2) and two wet periods (W1 and W2) are highlighted and yearly 
sswuse frequencies are also shown. Yearly frequencies represent total frequency of sswuse as a proportion of cloud-free days. 
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5.4 Conclusions 
This study used a LST model-data differencing approach to quantify timing and frequency of daily 
subsurface water use by vegetation, at 1 km × 1 km resolution, within 95% confidence intervals. 
Subsurface water encompasses all water below 30 cm depth including deep root-zone soil water and 
potentially aquifer groundwater. Eucalypt woodland vegetation in the study area used subsurface 
water for up to 50% of the 13-year period of investigation. Additionally, water-use strategies and 
physiological responses employed by the vegetation under changing water-availability conditions 
varied with temporal scale. Between January and September, the frequency of subsurface water use 
remained relatively constant, varying to meet water shortfalls created by decreasing shallow soil 
water availability and/or increasing evaporative demand. With increased frequency of rainfall in 
October–December, the vegetation became more reliant on water from these intense rainfall events 
than stored subsurface water. However, when wet season rainfall was below average or exhibited 
late-onset, the vegetation responded by temporarily increasing its stomatal resistance and thus 
reducing latent heat loss.  
At the inter-annual scale, vegetation exhibited higher annual frequency of subsurface water use and 
greater leaf area percent reduction during prolonged dry conditions when the frequency of rainfall 
was low. In comparison, the recovery response of vegetation was more sensitive to the onset of 
increased water availability rather than the volume of water availability, with the rate of LAI 
recovery the same for both 2007 and 2010 despite varying amounts and frequency of rainfall and 
prior LAI state. Thus at both inter- and intra-annual time-scales, variation in shallow soil water 
availability (resulting from variations in amount and frequency of rainfall) was an important 
determinant of vegetation water-use strategies and physiological response, in particular leaf area. 
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Chapter 6. Discussion and Conclusions 
 
The following chapter: (1) synthesises the three research components described in this thesis; (2) 
outlines limitations of the research, namely the inability of the LST model-data differencing 
approach to differentiate between unsaturated-zone (i.e. soil water) and saturated-zone (i.e. 
groundwater) subsurface water resources, poorly constrained random error in satellite observations 
of LST, and spatial/temporal resolution limitations; (3) describes the main conclusions arising from 
this research; and (4) concludes with a possible future research direction.  
 
6.1 Synthesis of research 
Chapter 3 
Existing remotely-sensed groundwater-dependent ecosystem (GDE) mapping methods (e.g. Barron 
et al., 2014; Fu and Burgher, 2015; Gou et al., 2015; Guerschman et al., 2009a; Nagler et al., 2008; 
Thevs et al., 2015) vary in their ability to identify GDV, only provide qualitative measures of 
confidence in detecting subsurface water use (i.e. expert opinion-based likelihoods or probabilities) 
rather than quantitative measures of uncertainty, and, most importantly, are unable to quantify the 
dynamics (timing, frequency, duration) of subsurface water use by vegetation. Moreover, while 
those methods purport to identify groundwater use, they more accurately detect subsurface water 
use (i.e. groundwater and deep root-zone soil water; see Section 1.1.1). The objectives of this study 
were to assess the ability of a LST approach to detect and quantify subsurface water use by 
vegetation in the Condamine region, south-eastern Queensland, Australia. To achieve this, a novel 
LST model-data differencing approach was developed. The approach used an existing two-layer 
surface energy balance (SEB) model described by Friedl (1995; 2000) to derive modelled LST 
(Ts.mod) and obtained satellite observations from Terra-MODIS (Ts.obs). The approach differs from 
previous methods as it is physically-based and quantifies the timing, frequency, duration and 
magnitude of subsurface water use by vegetation. The SEB model only accounted for soil water in 
the shallow soil layer (i.e. top 30 cm) whereas Ts.obs captured water use from all available sources. 
Consequently, when compared, observed temperature differences (∆Ts) between independently-
derived Ts.mod and Ts.obs revealed unaccounted for subsurface water use (i.e. below 30 cm depth) plus 
systematic and random errors in both the model and data (Figure 1-1). In Chapter 3, systematic and 
random error were estimated to isolate the subsurface water use signal from the background noise 
and from bias.  
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The quantitative LST model-data differencing approach was able to determine the location of hill 
slope woodland vegetation using subsurface water. Riparian woodland vegetation were not 
detected, possibly as a consequence of spatial resolution and mixed-pixel effects (see Section 3.3.2). 
Subsurface water-dependent vegetation mapping results derived from the LST model-data 
differencing approach were compared to existing independently-derived GDE mapping (Bureau of 
Meteorology, 2012; National Water Commission, 2012b) and showed broad congruence. However, 
existing GDE mapping only provided a static classification of the landscape into varying levels of 
“potential for subsurface groundwater interactions” based on vegetation mapping, geology and 
supported by remote sensing (Bureau of Meteorology, 2012; National Water Commission, 2012b). 
Whereas the LST model-data differencing approach provides considerably more information, 
quantifying subsurface water-use dynamics (i.e. timing, frequency and duration) of hill slope 
woodland vegetation and estimating the magnitude of subsurface water used on a daily time-scale.  
While the version of the LST model-data differencing approach applied in Chapter 3 was able to 
detect subsurface water use by vegetation (sswuse), it did not do so with a prescribed level of 
confidence. Accurate detection and quantification of sswuse requires consideration of both random 
and systematic model and data errors. One of the main limitations of the study described in Chapter 
3 was the simplistic consideration of both systematic and random errors which may have led to 
over- and underestimation of subsurface water use in Chapter 3. Improved quantification of 
systematic and random errors in space and time, and more sophisticated means of accounting for 
this error, were key aspects of the study described in Chapter 4.  
 
Chapter 4 
Detection of a subsurface water-use signal from noise requires quantification of errors and removal 
of errors. Consequently, the objectives of the study described in Chapter 4 were to: (1) evaluate 
sensitivity of a two-layer SEB model to uncertainty in resistance termsix using a Jacobian Matrix 
and in situ daily climate and vegetation data; (2) quantify Ts.mod random error given these 
sensitivities through a Taylor’s series approximation of model uncertainty; (3) quantify uncertainty 
in model-data temperature differences given Ts.mod and Ts.obs random and systematic errors using a 
Student’s t-test; and (4) assess the physical conditions under which the LST model-data 
differencing approach is able to detect a subsurface water-use signal given noise in both model and 
data.  
                                                     
ix Friedl (1995, 2002) found that the SEB model was particularly sensitive to resistance terms. Thus, the sensitivity and 
uncertainty analysis focused on the five resistance terms used in the SEB model.  
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Using in situ climate and vegetation data, the quantitative two-layer SEB model was found to 
perform poorly (i.e. noise exceeded the subsurface water use-signal) where vegetation height (hc) 
was less than 0.5 m and leaf area index (LAI) was less than 0.5 m2 m-2. These findings are consistent 
with the physical structure of the SEB model which defines a two-layer source/sink of latent and 
sensible heat fluxes such as exists in wooded vegetation. The model would thus be expected to 
perform poorly when its physical structure did not represent reality. Under low LAI and hc 
conditions Ts.mod was highly uncertain. This is fortuitous as GDV communities are unlikely to 
possess these characteristics as a consequence of ecological optimality (Eagleson, 1978; 1982; 
O’Grady et al., 2011). Low wind speed (<1.5 m s-1) also introduced considerable error to Ts.mod such 
that small-magnitude sswuse may not be detectable by the LST model-data differencing approach 
due to the low signal-to-error ratio. These limitations in the detectability of subsurface water use by 
woodland vegetation in the subtropical study area are also applicable in other landscapes and 
climate zones. 
As a consequence of modifications to the LST model-data differencing approach described in 
Chapter 4, namely quantification of Ts.mod random error and explicit consideration of Ts.mod and Ts.obs 
random errors, this research has significantly advanced our ability to quantify subsurface water-use 
dynamics of vegetation in space and time within prescribed confidence intervals. Due to the high 
degree of confidence with which the timing and frequency of sswuse was detected, the LST model-
data differencing approach was used in Chapter 5 to investigate subsurface water-use strategies of 
vegetation and physiological responses under different climatic and water-deficit conditions to a 
quantified level of confidence.  
 
Chapter 5 
Chapter 5 examined the timing and frequency of sswuse and changes in leaf area and stomatal 
resistance in relation to local-scale processes influencing water availability. This was achieved 
through time-series comparison of Ts.mod, Ts.obs and frequency of sswuse with local vegetation and 
meteorological data. The study applied the LST model-data differencing approach described in 
Chapter 4 with two modifications – refinement to the estimate of model-data systematic error (or 
bias), and correction for systematic bias in shortwave radiation data (see Appendix E).  
The LST model-data differencing approach was used to detect systematic temperature differences 
between modelled and observed LST indicative of sswuse. However, LST systematic differences 
capture both the subsurface water-use signal and model-data errors. To isolate the subsurface water-
use signal, LST model-data bias must be accurately estimated and removed. Land surface 
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temperature model-data bias was first estimated in Chapter 3 from ∆Ts for grasses under very dry 
conditions as it was thought that grasses would not have access to groundwater and therefore 
modelled and observed LST should be approximately equal. However, more detailed examination 
of time-series ∆Ts for grasses in the study area in Chapter 5 revealed vegetation was accessing 
subsurface water > 30 cm depth during the dry season. Consequently estimated LST model-data 
bias in Chapter 3 included a component of the subsurface water use-signal along with bias. 
Therefore, the method was modified and LST model-data bias was estimated from grasses under the 
wettest of conditions when all vegetation was reasonably expected to predominantly utilise shallow 
soil water over subsurface water (Kulmatiski et al., 2010; Kulmatiski and Beard, 2013; Nippert and 
Knapp, 2007). This resulted in a 4.81 K reduction in estimated systematic error and consequently an 
increase in the frequency of detected sswuse. Analysis also suggests the LST model-data differencing 
approach was less likely to be affected by errors of commission (i.e. overestimation of sswuse 
frequency), while errors of omission (i.e. underestimation of sswuse frequency) were concentrated in 
the middle of the year, and could be identified using quantified Ts.mod random error.  
Temporal and spatial aggregation, time-series decomposition, cross correlation and lag time 
analysis were applied to Ts.mod, Ts.obs, sswuse, LAI, rainfall, soil water, vegetation latent heat loss and 
stomatal resistance data. Comparison revealed that over the long-term, timing and frequency of 
sswuse was strongly related to lack of soil water content in the top 30 cm. However, sswuse was only 
detected when the difference between Ts.mod and Ts.obs was sufficiently large relative to random 
error. Low sswuse frequencies in June/July may be attributed to this detectability issue. At intra-
annual time-scales, from January–September, the vegetation was able to supplement decreasing 
shallow soil water and/or increasing evaporative demand to meet vegetation water requirements. 
Frequency of sswuse rapidly declined with the commencement of the wet season (October–
December) when shallow soil water was abundant due to more frequent, intense rainfall events. At 
inter-annual time-scales, woodland vegetation in the study area adjusted leaf area in response to wet 
and dry periods, decreasing leaf area and increasing frequency of sswuse during dry periods, and 
increasing leaf area and decreasing frequency of sswuse during wet periods. Leaf abscission (as 
measured by a decrease in NDVI-derived LAI) was most notable at the end of prolonged dry 
conditions, while the magnitude of leaf growth remained the same regardless of the severity of 
previous dry conditions or present wet conditions.  
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6.2 Limitations 
6.2.1 Differentiating subsurface water sources 
The main limitation associated with the research presented in this thesis pertains to the inability of 
the LST model-data differencing approach to differentiate subsurface water use by vegetation into 
unsaturated-zone (i.e. soil water) and saturated-zone resources (i.e. groundwater). Instead, like other 
remote-sensing GDV mapping approaches, the LST model-data differencing approach identifies 
subsurface water use by vegetation inclusive of groundwater. The upper limit of subsurface water 
is, in this research, defined by the thickness of the AWRA-L soil water data used in the two-layer 
SEB model (i.e. 30 cm). Calibration of the AWRA-L model ascribed a soil water holding capacity 
to the top and shallow root-zone layers which translated into a combined thickness of approximately 
30 cm. While this is a constraint of the present application of the SEB model, it is supported by 
previous studies of root depth distribution. 
Root depth distribution studies have found up to 90% of grass root biomass is located in the top 30 
cm of the soil profile (Jackson et al., 1996; Nippert and Knapp, 2007; Schenk and Jackson, 2002). 
Tree root biomass is also concentrated in approximately the top 30 cm, but to a lesser extent than 
grasses (Jackson et al., 1996). Moreover, sclerophyllous trees have a reported global average 
maximum rooting depths of 12.6±3.4 m (Canadell et al., 1996). Therefore, water use in the top 30 
cm of the soil profile accounts for a large proportion of total water use of grasses and shallow-
rooted woody vegetation, while deep-rooted vegetation is able to access water at much greater 
depths.  
However, average maximum rooting depth of commonly occurring crop and pasture types in the 
study area (e.g. sorghum, cotton, lucerne, rhodes grass, digit grass, panic and medic grasses) is ~1.6 
m (Evans, 1978; Murphy et al., 2010; Stone et al., 2001). Thus grasses in the study area may still be 
able to access subsurface water to depths of ~1.6 m. Consequently, in addition to detecting 
subsurface water use by deep-rooted woody vegetation, the LST model-data differencing approach 
also detects water use by grasses between 30 cm depth and maximum rooting depth. This was only 
found to affect a small proportion of the study area (<30 grid cells and <1% of the time; Figure 
5-5). The shallow soil layer could be extended beyond depths accessible by grasses through 
replacement of either the soil water data or the land surface-atmosphere model. Given that the LST 
model-data differencing approach is model-independent, the SEB model could be replaced by 
another land surface-atmosphere model, provided it similarly does not parametrize groundwater, 
such as CABLE model and Noah land surface model (LSM). Holgate et al. (2016) assessed the 
accuracy of a suite of satellite- and model-derived soil moisture products against in situ data. They 
found that WaterDyn- and CABLE -derived soil moisture products showed good agreement with in 
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situ observations across different climate zones, soil and vegetation types. The Noah LST has four 
soil layers, with the deepest extending to 2 m depth and couples land atmospheric exchange and soil 
water balance (Hain et al., 2015), thus could provide a reasonable replacement for future 
application. However, extension of the soil profile would not result in distinction between soil water 
and groundwater, and extension beyond the depth of the water table would result in underestimation 
of groundwater use by vegetation.  
Furthermore, in reality the various sources of water are a continuum with vegetation drawing water 
from sources as specified by plant-soil-atmosphere water potential gradients and root distribution 
and morphology (Nippert and Holdo, 2015; Wu et al., 1999). Thus rather than focusing exclusively 
on groundwater use, the research in this dissertation focused on addressing gaps in our 
understanding of vegetation subsurface water-use dynamics and their response(s) to natural 
variation in water availability.  
 
6.2.2 Outstanding error 
While considerable effort was invested in quantifying Ts.mod random error (see Chapter 4), this PhD 
did not quantify random errors in Ts.obs (σTs.obs). Instead, three different fixed average estimates of 
σTs.obs were obtained from literature to assess the impact of variation in σTs.obs on the detection of 
sswuse. Fixed average σTs.obs estimates do not reflect the spatial and temporal variability in Ts.obs 
random error thus their inclusion reduces the fidelity of the LST model-data differencing approach 
and potentially results in sswuse omission and commission detection errors in space and time. 
However, as a conservative estimate of σTs.obs was used in Chapter 5, errors of omission are more 
likely than errors of commission. Current research at the National Physical Laboratory in the United 
Kingdom aims to quantify and make publically-available errors associated with Terra-MODIS (i.e. 
Ts.obs) products (Nigel Fox, pers. comm., 2016). However, in the interim, σTs.obs could be quantified 
using the same approach employed to quantify σTs.mod in Chapter 4, with error variance estimates of 
emissivity and atmospheric parameters obtained from literature and sensitivities estimated using a 
Jacobian Matrix.  
 
6.2.3 Spatial and temporal resolution 
The LST model-data differencing approach is limited temporally by the occurrence of cloud cover 
and spatially by the resolution of the Terra-MODIS LST product (i.e. Ts.obs). Satellite imagery is 
frequently affected by cloud cover which reduces the number of Ts.mod /Ts.obs data pairs to which the 
LST model-data differencing approach can be applied. While the proportion of sswuse days may 
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remain constant during times when data pairs where not available, this cannot be confirmed, thus 
reported sswuse frequencies in this research represent minimum values. While this impacts the 
ability of the approach to quantify with 95% confidence, maximum duration and total frequency of 
subsurface water use by vegetation, it could be addressed through temporal gap-filling techniques 
(e.g. Moffat et al., 2007).  
Additionally, the spatial resolution of the LST model-data differencing approach was constrained 
by the resolution of Ts.obs (1 km) and has implications for imaging of fine-scale features such as 
narrow riparian vegetation. Given the present spatial resolution of the LST model-data differencing 
approach, these vegetation communities may not be resolved as demonstrated in Section 3.3.2. 
Riparian-zone vegetation have been well-studied in the past using field and remote-sensing methods 
(e.g. Busch et al., 1992; Doody et al., 2009; Fu and Burgher et al., 2015; Horton et al., 2001; Jones 
et al., 2008; Scott et al., 1999; Shafroth et al,. 2002) due to their importance to riverine health and 
their vulnerability to climatic variability and anthropogenic activity (e.g. surface water damming, 
diversions and regulation and groundwater abstraction). However, should the LST model-data 
differencing approach be applied in such ecosystems, alternative satellite observations of LST could 
be substituted for Terra-MODIS (assuming the spatial resolution remains consistent with the 
assumptions of the SEB model) to assess the potential for resolving subsurface water-use dynamics. 
Presently, daily thermal imagery is not available at sufficiently high enough spatial resolution. 
However, data fusion/blending techniques (e.g. Moosavi et al., 2015) provide potential means of 
improving the spatial resolution of satellite thermal observations (Zhu et al., 2010), the application 
of which would improve the time-space resolution of this method.  
 
6.2.4 Validation 
Outputs of the LST model-data differencing approach (latent heat loss and subsurface water use by 
vegetation) were compared with existing datasets, namely latent heat loss estimated using the 
Penman-Monteith model and the location and extent of subsurface water-dependent vegetation 
obtained from the GDE Atlas (see Section 3.3.2). The spatial distribution of vegetation found to 
utilise subsurface water was coincident with the GDE Atlas (see Figure 3-3) and latent heat loss 
estimates derived using the SEB model were strongly correlated with latent heat loss estimates 
obtained using the Penman-Monteith model. These results provide supporting evidence of the 
accuracy of the SEB model and LST model-data differencing approach.  
Field micro-meteorological and ecophysiological observations (e.g. soil moisture content, leaf area 
index, root distribution, sap flow measurements and stable isotope analysis) were beyond the scope 
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of this dissertation. Existing observations within the study area were also not available. As such, 
model inputs (e.g. stomatal conductance, leaf area index, and soil water content) were not 
constrained by field observations nor were model outputs (e.g. land surface temperature, latent heat 
loss, and subsurface water use by vegetation) validated with field observations. 
Any field observations of latent heat loss and/or evapotranspiration from different water sources 
must first be aggregated to a spatial scale commensurate with the model-data approach before used 
as validation. Furthermore, field observations are costly and labour intensive thus field validation 
and constraining of the LST model-data differencing approach is best applied in locations where 
such field observations already exist, for example at Terrestrial Ecosystem Research Network 
(TERN) SuperSitesx or OzFluxxi monitoring sites across Australia. 
 
6.3 Conclusions 
6.3.1 Addressing Aim 1 
The first aim of this research was to demonstrate the potential for quantifying dynamics of 
subsurface water use by vegetation in a subtropical environment to a quantifiable confidence level 
using LST in a new model-data differencing approach. The research presented in this dissertation 
has clearly demonstrated the effectiveness of LST as an indicator of water use by vegetation. 
Building on the research by Hain et al. (2015), this PhD further demonstrated the ability of model-
data differencing approaches to exploit model deficiencies (i.e. parameterising the contribution of 
subsurface water use to LST) to quantify subsurface water use by vegetation in time and space. 
Central to the efficacy of model-data differing approaches is the quantification of systematic and 
random errors in model and observation.  
Quantification and method of accounting for systematic and random error evolved through the three 
research components. The presence of systematic error (or bias) in modelled and observed LST was 
first noted in temperature differences (∆Ts) across the study area under different relative surface soil 
wetness (θr) conditions (see Figure 3-1). Systematic error was initially estimated based on ∆Ts for 
grassland vegetation under dry conditions (see Section 3.3.1), with the assumption that grasses in 
the study area did not use subsurface water and therefore, under the driest of conditions Ts.mod 
should equal Ts.obs. However, due to the rooting depths of commonly occurring grasses in the study 
area, these communities likely had access to subsurface water between 30 cm and maximum rooting 
depth (~1.6 m; Evans, 1978; Murphy et al., 2010; Stone et al., 2001) and were most reliant on this 
                                                     
x http://www.supersites.net.au/ 
xi http://www.ozflux.org.au/monitoringsites/index.html 
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water resource under dry conditions (see Figure 5-2). In contrast, under very wet conditions grasses 
and trees have been found to use proportionally more shallow soil water (Kulmatiski et al., 2010; 
Kulmatiski and Beard, 2013; Nippert and Knapp, 2007) likely due to the concentration of root 
biomass in the shallow soil layer (i.e. top 30 cm). Therefore under such conditions Ts.mod and Ts.obs 
for grasses should be equal, with any observed temperature differences being attributed to bias. 
Revisiting the assumptions inherent in the estimation of systematic error resulted in a 4 K reduction 
and consequently an increase in the detection of subsurface water use by vegetation.  
Random error estimation also improved during this research from initially being represented as an 
arbitrary 20% increase in systematic error (see Chapter 3) to full quantification of Ts.mod random 
error (σTs.mod) using a Taylor’s series approximation of SEB model uncertainty (see Chapter 4), 
with error variances of model input data obtained from literature and model sensitivities estimated 
using a Jacobian Matrix. Estimates of σTs.mod also enable identification of input parameters (e.g. 
wind speed; see Section 4.3.1) where error reduction would greatly improve the detectability of the 
subsurface water-use signal. Moreover, Ts.mod random error can be used, as demonstrated in Chapter 
5, to identify times and/or locations where errors of omission (i.e. underestimation of sswuse 
frequency) are more or less likely to have occurred. This information provides increased confidence 
in the detection of sswuse. Finally, isolation of the subsurface water-use signal from noise also 
evolved from a simple threshold approach in Chapter 3 to a more robust statistical t-test approach in 
Chapter 4 which enabled the detection of sswuse, in space and time, within 95% confidence 
intervals.  
 
6.3.2 Addressing Aim 2 
Given the confidence with which timing and frequency of sswuse was thus detected, definitive 
conclusions could be made in Chapter 5 pertaining to the second aim of this research which was to 
identify subsurface water-use strategies and physiological responses of woody vegetation with 
changing water availability in the Condamine River Catchment study area using the LST model-
data differencing approach. 
Inter- and intra-annual time-series analysis in Chapter 5 identified stomatal regulation and leaf area 
response to changing water availability on different timescales. Woodland vegetation responded to 
water-deficit conditions in 2004–2006 and 2008–2009 by reducing leaf area despite also increasing 
frequency of sswuse to supplement decreasing shallow soil water availability (Figure 5-7). The 
combination of increased frequency of sswuse and reduced leaf area enabled the vegetation to 
balance latent heat loss (and presumably maintain carbon uptake by photosynthesis) throughout the 
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period of investigation (Figure 5-7c). As stored subsurface water resources became depleted (e.g. in 
2006/07; Figure 5-7c), greater reduction in leaf area was observed (Figure 5-7d). With increasing 
shallow soil water availability, these ecosystems re-invested in leaf growth and increased leaf area 
as demand for latent heat was increasingly met from shallow soil water rather than subsurface 
water. This suggests that water-use strategies by woodland vegetation in the study area were 
influenced by the rate and timing of climatic variation in soil water rather than the absolute amount 
of soil moisture at any point in time.  
The LST model-data differencing approach developed and applied in this research is therefore 
advantageous over other existing remote-sensing methods as it: (1) is physically-based; (2) 
quantifies the timing and frequency of subsurface water use (within defined confidence intervals) 
and thus provides a pathway for classifying terrestrial vegetation based on their water regime; and 
(3) quantifies systematic and random error, information which can be used to quantify to a given 
level of confidence the detectability of the subsurface water-use signal from noise. Furthermore, the 
LST model-data differencing approach can be used to differentiate soil water use from different soil 
horizons as water availability varies in time and space. This yields insights into ecological 
subsurface water requirements of vegetation, and its application in the study area has improved our 
understanding of subsurface water-use strategies of vegetation and physiological responses in 
relation to water availability. 
 
6.4 Future research direction 
While several review papers over the last decade have stressed the importance of understanding 
critical or obligate dependency of ecosystems (e.g. Eamus et al., 2006; 2015; Eamus and Froend, 
2006; Kløve et al., 2011; 2014; Nevill et al., 2010), terrestrial vegetation could instead be classified 
in terms of their ecological water requirements (EWRs) - magnitude, duration and frequency of 
subsurface water use. This is advantageous over dependence-based classification as it does not 
specifically require water-deficit conditions to infer the type of dependency (e.g. facultative or 
opportunistic versus obligate or critical; Froend and Drake, 2006; Kløve et al., 2011), and is directly 
relevant to the management of water resources. The LST model-data differencing approach 
described in this dissertation provides a pathway to achieve this through quantification, within 95% 
confidence intervals, of timing and frequency of subsurface water use by vegetation.   
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Appendices 
 
A. An overview of remotely-sensed land surface temperature 
Thermal infrared (TIR) imagery acquired from satellite-borne sensors, represent at-sensor (top-of-
atmosphere) radiances at the time of satellite overpass which can be converted to land surface 
temperature (LST) also referred to as skin surface temperature or radiometric surface temperature 
after correction for atmospheric effects on brightness temperature. Satellite TIR systems typically 
record wavelengths from 10.45–12.42 μm to avoid the narrow TIR absorption band (9–10 μm) 
associated with the ozone (O3) layer (Sabins, 1997). Exact band widths vary from sensor to sensor. 
For example, Landsat TM records radiances in a single broadband from 10.5–12.5 μm, while Terra-
MODIS and NOAA0-AVHRR record radiances in two bands each (10.78–11.28, 11.77–12.27 μm 
and 10.5–11.5, 11.5–12.5 μm respectively). Differences in spectral-, spatial- and temporal-
resolution of thermal sensors mean that measured radiances are not directly comparable across 
systems which has implications for multi-sensor analysis. 
Satellite TIR data are recorded as digital numbers that are calibrated to at-sensor (top-of-
atmosphere) radiances by accounting for gains and biases associated with the sensor and satellite. 
At-sensor radiances are then transformed to at-sensor brightness temperatures after accounting for 
specific sensor calibration (Coll et al., 2010). Conversion of at-sensor brightness temperature to 
LST requires consideration of several factors at the time of satellite overpass, including atmospheric 
effects (emission and attenuation), surface emissivity, topography, sensor view angle and sun 
illumination angle (Chrysoulakis et al., 2010). Depending on the view angle and corresponding sun 
elevation, a 4 K temperature difference can exist between vertical and oblique directional brightness 
temperature measurements (Lagouarde et al., 1995; 2000). Angular effects can also be increased in 
sloping terrain (Wan and Dozier, 1996). Thus it is important to account for both sun illumination 
and sensor view angle when comparing modelled LST to satellite observations of LST, and when 
comparing LST from different sensors. 
Atmospheric effects contribute the most error to LST (Jiménez-Muñoz and Sobrino, 2006). Of the 
major atmospheric absorbers in the TIR region of the electromagnetic spectrum, water vapour is the 
most significant (Jiménez-Muñoz and Sobrino, 2003). Radiative transfer models (e.g. Coll et al., 
2010; Li et al., 2004) correct for atmospheric effects using radiosonde profile data and are 
consequently thought to be more accurate than other single- (or mono-) channel and split-window 
LST retrieval methods (Brunsell and Gillies, 2002; Chrysoulaki et al., 2010; Sobrino et al., 2004). 
However, radiosonde data are seldom available, relates to a localised area and ideally is measured at 
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the time of satellite overpass (Sobrino et al., 2004). Alternatively, split-window algorithms (SWA; 
Sobrino et al., 1996; Wan and Dozier, 1996) extract atmospheric data from satellite imagery using 
the differential absorption of radiation in adjacent thermal bands to account for atmospheric water 
vapour absorption (Barrett and Renzullo, 2009; Ellicott et al., 2009; Wan and Dozier, 1996). Split-
window methods provide relatively accurate (±2 K) estimates of LST, provided that surface 
emissivity is adequately accounted for (Barrett and Renzullo, 2009; Brunsell and Gillies, 2002).  
Surface emissivity can also introduce substantial uncertainty to LST; failure to adequately account 
for surface emissivity in the retrieval of LST can result in errors of up to 5 K (Brunsell and Gillies, 
2002). Surface emissivity is affected by the composition, surface physical characteristics (e.g. 
roughness, vegetation growth state and areal density) and the moisture content of the surface, and 
viewing angle (Becker and Li, 1995; Chehbouni et al., 2001; Ellicott et al., 2009; Lagouarde et al., 
1995; 2000; Norman et al., 1995; Snyder et al., 1998; Wan and Dozier, 1996). In many terrestrial 
landscapes, the assignment of a constant emissivity value would neglect any heterogeneity of the 
surface (Brunsell and Gillies, 2002). To negate this issue, several methods have been developed that 
estimate surface emissivity from space (e.g. Becker and Li, 1995; Gillespie et al., 1998; Wan and 
Li, 1997; Wang et al., 2015).  
 
B. Two-layer surface energy balance model 
Two-source or two-layer SEB models consist of a “single, semi-transparent, canopy layer located 
above the soil surface such that the only way for heat and moisture to enter or leave the surface 
layer is through the canopy layer, whereby the component fluxes are allowed to interact” 
(Overgaard et al., 2006; pg 231). The two-layer SEB model used in this research is modified from 
Friedl (1995, 2002) and numerically solves six simultaneous equations (Equation A 1to Equation A 
6) for unknown temperature and vapour pressure variables in the system: temperature and vapour 
pressure at the soil surface (Tss, Es), at the canopy surface (Tv, Ev*) and of the air within the canopy 
at the effective height of the heat exchange (T0, E0).  
Ta and Ea are the atmospheric air temperature (K) and vapour pressure (kPa) respectively, at a 
reference height (Zr = 2.5×hc), Rnv and Rns are vegetation and soil components of net radiation 
respectively (W m-2), G is soil heat flux (W m-2), ra is aerodynamic resistance (s m
-1), rb is 
vegetation boundary layer resistance (s m-1), rw is soil boundary layer resistance (s m
-1), rv is 
stomatal resistance (s m-1), rss is soil surface resistance (s m
-1), θo.r is a scaling factor of stomatal 
conductance for soil moisture content in the top 3 cm as described by Barrett and Renzullo (2009) 
and is a slight modification of the original equations described by Friedl (1995, 2002). ρ is the 
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density of air (1.204 kg m-3), Cp is the specific heat of air (1007 J (kg.K)
-1), γ is the psychometric 
constant (0.066 kPa K-1), and c1, c2 and c3 are constants used to scale water vapour pressure function 
(0.611 kPa, 17.22 and 35.86 K respectively as cited in Barrett and Renzullo (2009)). 
 
𝑅𝑛𝑣 =
𝜌𝑐𝑝
𝛾
(𝐸𝑣
∗ − 𝐸𝑜)
(𝑟𝑣 + 𝑟𝑏)
+
𝜌𝑐𝑝
𝑟𝑏
(𝑇𝑣 − 𝑇𝑜) 
Equation A 1 
𝑅𝑛𝑠 =
𝜌𝑐𝑝
𝛾
(𝐸𝑠 − 𝐸0)
(𝑟𝑤 + 𝑟𝑠𝑠)
+
𝜌𝑐𝑝
𝑟𝑤
(𝑇𝑠𝑠 − 𝑇0) + 𝐺 
Equation A 2 
𝐸𝑣
∗ = 𝑐1 exp [
𝑐2(𝑇𝑣 − 𝑐4)
𝑇𝑣 − 𝑐3
] 
Equation A 3 
𝐸𝑠 = 𝑐1 exp [
𝑐2(𝑇𝑠𝑠 − 𝑐4)
𝑇𝑠𝑠 − 𝑐3
] 𝜃0.𝑟 
Equation A 4 
𝜌𝑐𝑝
𝛾𝑟𝑎
(𝐸0 − 𝐸𝑎) =
𝜌𝑐𝑝
𝛾
(𝐸𝑠 − 𝐸0)
(𝑟𝑤 + 𝑟𝑠𝑠)
+
𝜌𝑐𝑝
𝛾
(𝐸𝑣
∗ − 𝐸0)
(𝑟𝑣 + 𝑟𝑏)
 
Equation A 5 
𝜌𝑐𝑝
𝑟𝑎
(𝑇0 − 𝑇𝑎) =
𝜌𝑐𝑝
𝑟𝑤
(𝑇𝑠𝑠 − 𝑇0) +
𝜌𝑐𝑝
𝑟𝑏
(𝑇𝑣 − 𝑇0) 
Equation A 6 
 
Temperature and vapour pressure model output variables were used to calculate the remaining 
surface energy fluxes of LST (Ts.mod), and sensible and latent heat (H and LE respectively). Ts.mod is 
expressed by Equation A 7:  
𝑇𝑠.𝑚𝑜𝑑 = 𝐹𝐶(∅)𝑇𝑣 + (1 − 𝐹𝐶(∅))𝑇𝑠𝑠 
Equation A 7  
where Tss and Tv are modelled soil and canopy surface temperatures respectively. FC (ø) is the 
fraction of vegetation cover as observed by the satellite sensor (Norman et al., 1995): 
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𝐹𝐶(∅) = 1 − exp [
−𝐺′ × 𝐿𝐴𝐼
cos (
𝜋∅
180)
] 
Equation A 8 
where G’ is the leaf angle distribution function, assumed to be spherical (0.5; see Goudriaan, 1988), 
LAI is leaf area index, and ø is the zenith view angle assigned a value of 35° in Chapter 3 and 
otherwise obtained directly from the satellite. Latent and sensible heat fluxes were calculated with 
Equation A 9 and Equation A 10 respectively (Friedl, 1995; Stull, 1988) where δ is the latent heat 
of vaporisation (2.5×106 J kg-1). ‘Observed’ latent heat was also calculated using Equation A 7 and 
satellite observations of LST (Ts.obs) as additional model forcing data. As such, errors associated 
with Ts.mod and Ts.obs will be propagated through to modelled and observed latent heat respectively. 
Modelled and ‘observed’ latent heat (LE; W m-2) were converted to ET (mm h-1) using Equation A 
11 where 3600 was used to convert from millimetres per second to millimetres per hour. 
𝐿𝐸 =
𝜌𝐶𝑝
𝛾𝑟𝑎
(𝐸0 − 𝐸𝑎) = (𝜌
𝛿
𝑟𝑎
) (𝐸0 − 𝐸𝑎) 
Equation A 9 
𝐻 =
𝜌𝐶𝑝
𝑟𝑎
(𝑇0 − 𝑇𝑎) 
Equation A 10 
𝐸𝑇 =
𝐿𝐸
𝛿
× 3600 
Equation A 11 
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Table A 1. Secondary model equations used to derive model parameters listed in Equation A 1 to Equation A 
6. All symbols are defined in the preface section of this thesis. 
Symbol 
(unit) 
Equations References 
Rnv  
(W m-2) 
𝑅𝑛𝑣 = 𝑅𝑛 ∗ [1 − exp(−𝑘𝐿𝐴𝐼)]  
𝐿𝐴𝐼 =
log(1−𝐹𝐶)
−𝐺′
  
 𝐹𝐶 = 1 − (
𝑁𝐷𝑉𝐼𝑚𝑎𝑥−𝑁𝐷𝑉𝐼
𝑁𝐷𝑉𝐼𝑚𝑎𝑥−𝑁𝐷𝑉𝐼𝑚𝑖𝑛
)
𝛼
  
𝑅𝑛 = 𝑆𝑑 − 𝑆𝑢 + 𝜀𝑠𝐿𝑑 − 𝜎𝜀𝑠(𝑇𝑎 + ∆𝑇)
4 𝑆𝑢 = 𝐴𝑆𝑑 
 𝐿𝑑 = 𝜎𝜀𝑎𝑇𝑎
4 
 𝜀𝑎 = 1 − (1 + 𝜂) exp(−(1.2 + 3𝜂)
0.5) 
 𝜂 =
46.5𝒆𝒂
𝑻𝒂
 
  
∆T = Ts.NCEP – Ta.NCEP  
Choudhury et al. (1994); 
Jiménez-Muñoz et al. 
(2009); Kustas and 
Norman (1999); Li et al. 
(2004); Mecikalski et al 
(1999); Monteith and 
Unsworth (2013); Prata 
(1996);  
Rns  
(W m-2) 
𝑅𝑛𝑠 = 𝑅𝑛 − 𝑅𝑛𝑣 Kustas and Norman 
(1999) 
G  
(W m-2) 
𝐺 = 𝐾𝐺𝑅𝑛𝑠 cos(𝜇)  Friedl (1995); 
Paltridge and Platt 
(1976) 
θ0.r 𝜃0.𝑟 =
𝑆𝑀𝐶0
𝑆𝑀𝐶0.𝐹𝐶
   
rv  
(s m-1) 
𝑟𝑣 =
1
𝐺𝑚𝑎𝑥∗𝑓𝑆𝑑∗𝑓𝑣𝑝𝑑∗𝑓𝜃+𝐺𝑚𝑖𝑛
  
𝑓𝑆𝑑 =
𝑆𝑑
1000
1000+𝑝2
𝑆𝑑+𝑝2
  
𝑓𝑣𝑝𝑑 = 1 − 𝑝3𝑣𝑝𝑑  
 𝑣𝑝𝑑 = 𝐸𝑎
∗ − 𝐸𝑎 
 𝐸𝑎
∗ = 𝑐1 ∗ exp [
𝑐2(𝑇𝑎−𝑐4)
𝑇𝑎−𝑐3
]  
𝑓𝜃 =
1−exp(−𝑝4𝜃𝑟)
1−exp(−𝑝4)
  
 𝜃𝑟 =
(𝑆𝑀𝐶0+𝑆𝑀𝐶𝑆)
(𝑆𝑀𝐶0.𝐹𝐶+𝑆𝑀𝐶𝑆.𝐹𝐶)
  
Barrett and Renzullo 
(2009); Cox et al. (1998)  
rb  
(s m-1) 𝑟𝑏 =
50
𝛼#𝐿𝐴𝐼 [1 − exp (−
𝛼#
2 )]
(
𝑠
𝑢ℎ
)
0.5
 
𝛼# = 1.5 + 0.6𝑢ℎ  
𝑢ℎ = 1.5𝑢 log (
ℎ𝑐−𝑑
𝑍0
) / log (
𝑍𝑟−𝑑
𝑍0
)  
Friedl (1995) 
rw  
(s m-1) 
𝑟𝑤 =
ℎ𝑐 exp(𝛼#)
𝛼#𝐾𝐻
[exp (
−𝛼#𝑍0𝑠
ℎ𝑐
) − exp (
−𝛼#(𝑑+𝑍0)
ℎ𝑐
)]  
𝐾𝐻 =
1.5𝑣𝑘2(ℎ𝑐−𝑑)𝑢
log[
(𝑍𝑟−𝑑)
𝑍0
]
  
Friedl (1995) 
rss  
(s m-1) 
𝑟𝑠𝑠 = 5000 exp(−15𝜃0.v)  
𝜃0.v = (
𝑆𝑀𝐶0
𝑆𝑀𝐶0.𝐹𝐶
) ∗ 𝑆𝑀𝐶0.𝐴𝑊 + 𝑆𝑀𝐶0.𝑊𝑃  
Barrett and Renzullo 
(2009) 
ra  
(s m-1) 
𝑟𝑎 =
(log [
(𝑍𝑟 − 𝑑)
𝑍0
])
2
𝑣𝑘2𝑢
 
Friedl (1995) 
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C. Taylor’s series representation of error variance  
The following are Taylor’s series representations of error variance truncated to 1st order used to 
estimate error in the five resistance terms: soil surface resistance (rss; Equation A 12), stomatal 
resistance (rv; Equation A 13), atmospheric resistance (ra; Equation A 14), vegetation boundary 
layer resistance (rb; Equation A 15) and soil boundary layer resistance (rw; Equation A 16).  
𝜎𝑟𝑠𝑠
2 = 𝑆𝑆𝑀𝐶0
𝑟𝑠𝑠 𝜎𝑆𝑀𝐶0
2  
Equation A 12 
𝜎𝑟𝑣
2 = 𝑆𝐿𝐴𝐼
𝑟𝑣 𝜎𝐿𝐴𝐼
2 + 𝑆𝑆𝑀𝐶0
𝑟𝑣 𝜎𝑆𝑀𝐶0
2 + 𝑆𝑆𝑀𝐶𝑆
𝑟𝑣 𝜎𝑆𝑀𝐶𝑆
2 + 𝑆𝑇𝑎
𝑟𝑣 𝜎𝑇𝑎
2 + 𝑆𝐸𝑎
𝑟𝑣 𝜎𝐸𝑎
2 + 𝑆𝑆𝑑
𝑟𝑣 𝜎𝑆𝑑
2  
Equation A 13 
𝜎𝑟𝑎
2 = 𝑆𝑢
𝑟𝑎𝜎𝑢
2 + 𝑆ℎ𝑐
𝑟𝑎𝜎ℎ𝑐
2  
Equation A 14 
𝜎𝑟𝑏
2 = 𝑆𝑢
𝑟𝑏𝜎𝑢
2 + 𝑆ℎ𝑐
𝑟𝑏𝜎ℎ𝑐
2 + 𝑆𝐿𝐴𝐼
𝑟𝑏 𝜎𝐿𝐴𝐼
2 + 𝑆𝑠
𝑟𝑏𝜎𝑠
2 
Equation A 15 
𝜎𝑟𝑤
2 = 𝑆𝑢
𝑟𝑤𝜎𝑢
2 + 𝑆ℎ𝑐
𝑟𝑤𝜎ℎ𝑐
2  
Equation A 16 
Where 𝜎𝑟𝑠𝑠
2 , 𝜎𝑟𝑣
2 , 𝜎𝑟𝑎
2 , 𝜎𝑟𝑏
2  and 𝜎𝑟𝑤
2  are the total weighted error variances and of rss, rv, ra, rb, and rw 
respectively; 𝑆𝑆𝑀𝐶0
𝑟𝑠𝑠  is the sensitivity of rss to soil moisture content in the top soil layer (see Renzullo 
et al., 2014), 𝑆𝐿𝐴𝐼
𝑟𝑣 , 𝑆𝑆𝑀𝐶0
𝑟𝑣 , 𝑆𝑆𝑀𝐶𝑆
𝑟𝑣 , 𝑆𝑇𝑎
𝑟𝑣 , 𝑆𝐸𝑎
𝑟𝑣 , and 𝑆𝑆𝑑
𝑟𝑣  are the sensitivity of rv to leaf area index soil 
moisture content in the top soil layer, soil moisture content in the shallow root-zone layer, air 
temperature, vapour pressure and shortwave radiation; 𝑆𝑢
𝑟𝑎and 𝑆ℎ𝑐
𝑟𝑎 are the sensitivity of ra to wind 
speed and vegetation height; 𝑆𝑢
𝑟𝑏, 𝑆ℎ𝑐
𝑟𝑏, 𝑆𝐿𝐴𝐼
𝑟𝑏 , and 𝑆𝑠
𝑟𝑏, are the sensitivity of rb to wind speed, 
vegetation height, leaf area index and leaf width; 𝑆𝑢
𝑟𝑤and 𝑆ℎ𝑐
𝑟𝑤 are the sensitivity of rw to wind speed 
and vegetation height; and 𝜎𝑆𝑀𝐶0
2 , 𝜎𝑆𝑀𝐶𝑆
2 , 𝜎𝐿𝐴𝐼
2 , 𝜎ℎ𝑐
2 , 𝜎𝑠
2, 𝜎𝑢
2, 𝜎𝑇𝑎
2 , 𝜎𝑒𝑎
2 , and 𝜎𝑆𝑑
2  are error variances 
reported for soil water in the top soil layer, soil water in the shallow root-zone layer, leaf area index, 
vegetation height, leaf width, wind speed, air temperature, vapour pressure and shortwave radiation. 
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D. List of days included in Chapter 4 t-test analysis 
6/3/00 8/3/00 11/3/00 13/3/00 15/3/00 16/3/00 18/3/00 20/3/00 23/3/00 24/3/00 25/3/00 27/3/00 29/3/00 
30/3/00 31/3/00 1/4/00 2/4/00 3/4/00 5/4/00 7/4/00 8/4/00 9/4/00 10/4/00 12/4/00 14/4/00 15/4/00 
16/4/00 18/4/00 19/4/00 21/4/00 23/4/00 24/4/00 25/4/00 28/4/00 30/4/00 1/5/00 2/5/00 3/5/00 4/5/00 
5/5/00 7/5/00 9/5/00 10/5/00 11/5/00 12/5/00 14/5/00 16/5/00 17/5/00 18/5/00 21/5/00 23/5/00 25/5/00 
27/5/00 28/5/00 30/5/00 1/6/00 2/6/00 3/6/00 4/6/00 5/6/00 6/6/00 8/6/00 12/6/00 13/6/00 15/6/00 
17/6/00 18/6/00 19/6/00 20/6/00 21/6/00 22/6/00 24/6/00 26/6/00 27/6/00 28/6/00 29/6/00 1/7/00 3/7/00 
4/7/00 5/7/00 6/7/00 7/7/00 8/7/00 10/7/00 12/7/00 13/7/00 14/7/00 15/7/00 17/7/00 19/7/00 20/7/00 
21/7/00 22/7/00 23/7/00 24/7/00 26/7/00 28/7/00 29/7/00 30/7/00 31/7/00 2/8/00 4/8/00 5/8/00 18/8/00 
20/8/00 21/8/00 22/8/00 23/8/00 24/8/00 25/8/00 27/8/00 29/8/00 30/8/00 31/8/00 1/9/00 3/9/00 5/9/00 
6/9/00 7/9/00 8/9/00 9/9/00 10/9/00 12/9/00 14/9/00 15/9/00 16/9/00 17/9/00 19/9/00 21/9/00 22/9/00 
23/9/00 24/9/00 25/9/00 26/9/00 28/9/00 30/9/00 1/10/00 2/10/00 3/10/00 5/10/00 7/10/00 8/10/00 9/10/00 
10/10/00 12/10/00 14/10/00 16/10/00 17/10/00 18/10/00 19/10/00 21/10/00 23/10/00 24/10/00 26/10/00 28/10/00 1/11/00 
3/11/00 4/11/00 6/11/00 8/11/00 9/11/00 12/11/00 13/11/00 15/11/00 18/11/00 19/11/00 20/11/00 22/11/00 24/11/00 
25/11/00 26/11/00 27/11/00 28/11/00 29/11/00 1/12/00 3/12/00 4/12/00 5/12/00 6/12/00 8/12/00 10/12/00 11/12/00 
12/12/00 15/12/00 17/12/00 19/12/00 20/12/00 21/12/00 22/12/00 24/12/00 30/12/00 31/12/00 2/1/01 4/1/01 5/1/01 
6/1/01 7/1/01 9/1/01 11/1/01 12/1/01 13/1/01 14/1/01 16/1/01 20/1/01 21/1/01 22/1/01 23/1/01 25/1/01 
27/1/01 29/1/01 1/2/01 3/2/01 5/2/01 6/2/01 7/2/01 8/2/01 10/2/01 12/2/01 13/2/01 14/2/01 15/2/01 
17/2/01 19/2/01 21/2/01 22/2/01 23/2/01 24/2/01 26/2/01 28/2/01 1/3/01 2/3/01 3/3/01 5/3/01 7/3/01 
10/3/01 11/3/01 12/3/01 14/3/01 16/3/01 17/3/01 18/3/01 19/3/01 21/3/01 23/3/01 25/3/01 26/3/01 27/3/01 
28/3/01 30/3/01 1/4/01 2/4/01 3/4/01 4/4/01 6/4/01 8/4/01 10/4/01 11/4/01 12/4/01 13/4/01 15/4/01 
17/4/01 18/4/01 19/4/01 20/4/01 22/4/01 24/4/01 26/4/01 27/4/01 28/4/01 29/4/01 3/5/01 4/5/01 5/5/01 
6/5/01 8/5/01 10/5/01 12/5/01 13/5/01 14/5/01 15/5/01 17/5/01 19/5/01 20/5/01 21/5/01 22/5/01 24/5/01 
26/5/01 28/5/01 29/5/01 30/5/01 31/5/01 2/6/01 4/6/01 5/6/01 6/6/01 7/6/01 9/6/01 11/6/01 13/6/01 
14/6/01 15/6/01 4/7/01 6/7/01 7/7/01 8/7/01 9/7/01 11/7/01 13/7/01 15/7/01 16/7/01 17/7/01 18/7/01 
20/7/01 22/7/01 23/7/01 24/7/01 27/7/01 29/7/01 31/7/01 1/8/01 2/8/01 3/8/01 5/8/01 7/8/01 8/8/01 
9/8/01 10/8/01 12/8/01 14/8/01 16/8/01 17/8/01 18/8/01 19/8/01 21/8/01 23/8/01 24/8/01 25/8/01 26/8/01 
28/8/01 30/8/01 1/9/01 2/9/01 3/9/01 4/9/01 6/9/01 9/9/01 10/9/01 11/9/01 13/9/01 15/9/01 17/9/01 
18/9/01 20/9/01 22/9/01 24/9/01 25/9/01 26/9/01 27/9/01 29/9/01 1/10/01 4/10/01 6/10/01 8/10/01 10/10/01 
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12/10/01 13/10/01 15/10/01 17/10/01 19/10/01 20/10/01 22/10/01 24/10/01 27/10/01 28/10/01 29/10/01 31/10/01 2/11/01 
4/11/01 5/11/01 7/11/01 11/11/01 12/11/01 13/11/01 14/11/01 16/11/01 18/11/01 20/11/01 21/11/01 23/11/01 25/11/01 
27/11/01 28/11/01 29/11/01 30/11/01 2/12/01 4/12/01 6/12/01 7/12/01 9/12/01 11/12/01 13/12/01 14/12/01 15/12/01 
16/12/01 18/12/01 20/12/01 22/12/01 23/12/01 25/12/01 27/12/01 29/12/01 30/12/01 31/12/01 1/1/02 3/1/02 8/1/02 
10/1/02 12/1/02 14/1/02 15/1/02 16/1/02 17/1/02 19/1/02 21/1/02 23/1/02 24/1/02 26/1/02 28/1/02 30/1/02 
31/1/02 1/2/02 2/2/02 4/2/02 6/2/02 8/2/02 9/2/02 11/2/02 15/2/02 16/2/02 17/2/02 18/2/02 20/2/02 
22/2/02 25/2/02 27/2/02 1/3/02 3/3/02 4/3/02 5/3/02 6/3/02 8/3/02 10/3/02 12/3/02 13/3/02 15/3/02 
17/3/02 19/3/02 29/3/02 31/3/02 2/4/02 4/4/02 5/4/02 6/4/02 7/4/02 9/4/02 11/4/02 13/4/02 14/4/02 
16/4/02 18/4/02 20/4/02 21/4/02 22/4/02 23/4/02 25/4/02 27/4/02 29/4/02 30/4/02 2/5/02 4/5/02 6/5/02 
7/5/02 8/5/02 9/5/02 11/5/02 13/5/02 15/5/02 16/5/02 18/5/02 20/5/02 22/5/02 23/5/02 24/5/02 25/5/02 
27/5/02 29/5/02 31/5/02 1/6/02 5/6/02 7/6/02 9/6/02 10/6/02 12/6/02 14/6/02 16/6/02 17/6/02 19/6/02 
21/6/02 23/6/02 24/6/02 25/6/02 26/6/02 28/6/02 30/6/02 2/7/02 3/7/02 5/7/02 7/7/02 9/7/02 10/7/02 
11/7/02 12/7/02 14/7/02 16/7/02 18/7/02 19/7/02 21/7/02 23/7/02 25/7/02 26/7/02 27/7/02 28/7/02 30/7/02 
1/8/02 3/8/02 4/8/02 6/8/02 8/8/02 10/8/02 11/8/02 12/8/02 13/8/02 15/8/02 17/8/02 19/8/02 22/8/02 
24/8/02 26/8/02 27/8/02 28/8/02 29/8/02 31/8/02 2/9/02 4/9/02 5/9/02 7/9/02 9/9/02 11/9/02 12/9/02 
13/9/02 14/9/02 16/9/02 18/9/02 20/9/02 21/9/02 23/9/02 25/9/02 27/9/02 28/9/02 29/9/02 30/9/02 2/10/02 
4/10/02 6/10/02 7/10/02 9/10/02 11/10/02 13/10/02 14/10/02 15/10/02 16/10/02 18/10/02 20/10/02 22/10/02 23/10/02 
25/10/02 29/10/02 30/10/02 31/10/02 1/11/02 3/11/02 5/11/02 7/11/02 8/11/02 10/11/02 12/11/02 14/11/02 15/11/02 
17/11/02 19/11/02 21/11/02 23/11/02 24/11/02 26/11/02 28/11/02 30/11/02 1/12/02 2/12/02 3/12/02 5/12/02 7/12/02 
9/12/02 10/12/02 12/12/02 14/12/02 16/12/02 17/12/02 18/12/02 19/12/02 21/12/02 23/12/02 25/12/02 26/12/02 28/12/02 
30/12/02 1/1/03 3/1/03 4/1/03 6/1/03 8/1/03 10/1/03 11/1/03 13/1/03 15/1/03 17/1/03 18/1/03 19/1/03 
20/1/03 22/1/03 24/1/03 26/1/03 27/1/03 29/1/03 31/1/03 2/2/03 3/2/03 5/2/03 7/2/03 11/2/03 12/2/03 
14/2/03 16/2/03 18/2/03 19/2/03 20/2/03 21/2/03 23/2/03 25/2/03 27/2/03 28/2/03 2/3/03 4/3/03 6/3/03 
7/3/03 8/3/03 9/3/03 11/3/03 13/3/03 15/3/03 16/3/03 18/3/03 20/3/03 22/3/03 23/3/03 24/3/03 25/3/03 
27/3/03 29/3/03 31/3/03 1/4/03 3/4/03 5/4/03 7/4/03 8/4/03 9/4/03 12/4/03 16/4/03 17/4/03 19/4/03 
21/4/03 23/4/03 24/4/03 26/4/03 28/4/03 30/4/03 3/5/03 5/5/03 7/5/03 9/5/03 10/5/03 12/5/03 14/5/03 
16/5/03 18/5/03 19/5/03 21/5/03 23/5/03 25/5/03 26/5/03 27/5/03 28/5/03 30/5/03 1/6/03   
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E. Comparison between shortwave radiation datasets 
The following is an addendum to Chapter 5 and shows a comparative analysis between AWAP Sd 
and NCEP Sd which ultimately led to the replacement of AWAP Sd with disaggregated NCEP Sd in 
Chapter 5.  
The AWAP Sd data were derived using a radiative transfer model (Jones et al., 2006) and has a 
reported standard error of ≤ 35 W m-2 (Jones et al., 2006). Daily AWAP Sd values were extrapolated 
to an instantaneous estimate of shortwave radiation at ~10:30am local time for inclusion in the SEB 
model (see Section 2.2.2). Low instantaneous Sd values were observed on a number of occasions 
(<300 W m-2 : n=400/4617; <100 W m-2: n=88/4617) which raised concerns about possible 
underestimation of AWAP Sd data, present in the daily estimate of Sd and/or introduced as a 
consequence of extrapolation to instantaneous Sd.  
To assess the extent and magnitude of any systematic errors, the NCEP Sd data were compared to 
independently-derived NCEP Sd data. The NCEP Sd has a spatial resolution of 2.5° × 2.5° and 
reported standard error of ~30 W m-2 and was derived using of a physical climatological analysis 
model with long-term historic climate data (1979–2003; Betts et al., 2006). The NCEP Sd data were 
calculated hourly and averaged over four 6-hour periods (00:00–06:00, 06:00–12:00, 12:00–18:00 
and 18:00–24:00 UTC). The 00:00–06:00 UTC 6-hour average NCEP Sd value is comparable with 
AWAP Sd at Terra-MODIS overpass time. The data were re-gridded from native grid resolution 
(~1.9° × 1.9°; Betts et al., 2006) to an approximate. To facilitate comparison between AWAP Sd and 
NCEP Sd, higher spatial-resolution AWAP Sd data were spatially aggregated to a single mean 
estimate representative of the study area. Figure A. 1 shows time-series plots of: (a) AWAP Sd 
averaged across the study area, (b) NCEP Sd, and (c) the difference between the two datasets 
(AWAP-NCEP). It should be noted that neither Sd dataset represents true shortwave radiation but 
merely an estimate with associated errors. 
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Figure A. 1. Shortwave radiation (Sd) time-series: (a) obtained from the Australian Water Availability 
Project (AWAP), (b) obtained from the National Centers for Environmental Protection (NCEP)/National 
Centre for Atmospheric Research (NCAR) and (c) the difference between the two datasets (AWAP-NCEP). 
Red dots in (c) represent AWAP Sd data < 300 W m
-2. 
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The NCEP Sd values dropped below 300 W m
-2 <1% of the time (n=32; Figure A. 1b), compared to 
~9% of AWAP Sd values (n=400; Figure A. 1a). These low AWAP Sd values represent many of the 
large negative shortwave radiation differences observed in Figure A. 1c and likely arise as a 
consequence of cloud contaminated satellite imagery used in the radiative transfer model. Figure A. 
2 shows the annual average weekly difference between AWAP and NCEP Sd values. Shortwave 
radiation differences were mostly negative, indicating that AWAP Sd was consistently 
underestimated relative to NCEP Sd, with an average difference of 115.5 W m
-2 (Figure A. 2). The 
NCEP and AWAP datasets were in closest agreement during the dry season, in particular during 
April and diverged during the cloudy wet season (October–February; Figure A. 2). This further 
supports the hypothesis that errors arise as a consequence of the diffuse component of radiation, and 
suggest the NCEP reanalysis model better represents this component than the AWAP model. 
 
 
Figure A. 2. Annual average weekly time-series of shortwave radiation (Sd) differences (AWAP Sd – NCEP 
Sd). Mean shortwave radiation difference is indicated by the dashed line. Largest relative underestimation 
was observed during the wet season (October–February). 
 
To retain both the spatial variation in AWAP Sd and remove the bias, NCEP Sd data were 
disaggregated using Equation 5-2. To assess the impact of shortwave radiation on Ts.mod, the SEB 
model was run using disaggregated NCEP and AWAP Sd data for a subsample of woodland grid 
cells (n=82). Temperature differences between Ts.obs and Ts.mod either derived using AWAP Sd 
(∆Ts.AWAP) or using NCEP Sd (∆Ts.NCEP) data were subsequently calculated. Figure A. 3 shows 
annual average daily ∆Ts.AWAP (dotted black line) and ∆Ts.NCEP (solid black line) spatially averaged 
for the woodland subsample. Modelled LST (and ∆Ts) values were consistently higher when 
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derived using NCEP Sd compared to AWAP Sd (Figure A. 3). The difference between ∆Ts.AWAP and 
∆Ts.NCEP ranges from 0.2–4.0 K, with an average difference of 2.2 K. Increased temperature 
differences derived using NCEP Sd also result in increased frequency of detected subsurface water 
use by vegetation compared to temperature differences using AWAP Sd data. 
 
 
Figure A. 3. Annual average weekly time-series of temperature differences between observed land surface 
temperature (LST) and modelled LST (ΔTs) either derived using disaggregated NCEP shortwave radiation 
data (∆Ts.NCEP; solid line) or AWAP shortwave radiation data (∆Ts.AWAP; dashed line) for a subsample of 
woodland grid cells (n=82).  
 
Examination of the two Sd datasets suggests AWAP Sd was systematically underestimated on 
average by 115.5 W m-2, likely as a consequence of cloud contamination. Inclusion of AWAP Sd in 
the SEB model results in an average 2.2 K reduction in ∆Ts relative to NCEP Sd (Figure A. 3). 
Based on this analysis AWAP Sd was replaced by disaggregated NCEP Sd in Chapter 5. 
